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Abstract

Introduction: Accurate and automated detection of brain disease signs could

aid in studying their clinical associations in large populations. This research aims to

detect on magnetic resonance images two signs of cerebral small vessel disease- white

matter hyperintensities (WMHs) and cerebral microbleeds (CMBs)- and to analyse

their spatial distribution and characteristics.

Methods: We modelled the distribution of WMHs at the population-level with

respect to various parametric factors (e.g. age) using Bayesian inference. For improv-

ing the performance of FSL’s WMH segmentation tool, BIANCA, we used the above

population-level WMH distribution probabilities as an additional feature, tested dif-

ferent classifiers and proposed a locally adaptive thresholding method (LOCATE).

Furthermore, we developed a triplanar U-Net ensemble model (TrUE-Net), based on

deep learning (DL), spatially-weighted cross-entropy and Dice loss functions to im-

prove WMH segmentation, and explored various domain adaptation techniques. For

CMBs, we developed an end-to-end analysis: CMB candidate subject preselection

pipeline using machine learning, CMB detection using DL and atlas-based automated

CMB rating.

Results and conclusions: Our distribution modelling provided comparable er-

ror values, with lower computational load, with respect to existing methods on sim-

ulated data. On real data, periventricular WMH probabilities showed significant in-

creases with age, while the probabilities for deep WMHs were higher in hypertensive

subjects, in line with literature. Among the proposed improvements for BIANCA,

LOCATE gave the highest performance increase on 7 datasets with different lesion

characteristics. TrUE-Net performed better than BIANCA on 5 different datasets,

especially on low lesion load subjects. The CMB preselection pipeline provided ro-

bust performance despite different training modalities. The CMB detection method

provided performance comparable with existing methods and higher precision than

the state-of-the-art method. Future directions for this work could include improving

the DL-based CMB/WMH detection methods and studying the clinical impact of

CMBs at the population-level.

Key words: small vessel disease, white matter hyperintensities, cerebral microb-

leeds, image analysis, machine learning, deep learning, segmentation, structural MRI
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Chapter 1

Background and objective

Cerebral small vessel disease (SVD) is the term used to indicate the clinical

damage and neuropathological findings related to perforating arterioles, small arter-

ies, venules and capillaries [1]. Various risk factors have been associated with the

occurrence and progression of SVD, including age, sex, smoking and high blood pres-

sure [2] (especially, age and blood pressure [3]). SVD is one of the major causes of

stroke (around 20%) [4] and the prevalence of SVD has been shown to be higher in

Asians compared to Caucasians [3].

SVD signs are found commonly in cases of cognitive decline [3, 2], neurodegen-

erative diseases such as Alzheimer’s disease, vascular dementia and mixed (i.e. with

both neurodegenerative and vascular components) dementia [5, 6]. However, the real

impact on clinical outcome (e.g. cognition) of SVD is not yet fully understood [4].

Studying the clinical signs and imaging biomarkers of SVD is important to further

our understanding on the relationship between SVD and its risk factors and clinical

outcomes.

This thesis focuses on the detection and analysis of the two SVD signs, white

matter hyperintensities (WMHs) and cerebral microbleeds (CMBs), in brain magnetic

resonance (MR) images. Accurate segmentation of these SVD signs is the first step

towards understanding the clinical associations of these signs in a population.

In this chapter, we provide a brief introduction to SVD signs, explain the need for

accurate detection of WMHs and CMBs, and the challenges involved, in sections 1.1,
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1.2, 1.3. We also describe our aims and contributions in sections 1.4 and 1.5, followed

by an overview of the thesis structure in section 1.6.

1.1 Cerebral small vessel disease signs

Common causes of SVD are blockage of small vessels in the brain leading to ischemia,

or leakages resulting in micro haemorrhages in the brain tissue. The main signs

of SVD include recent subcortical infarcts, white matter hyperintensities (WMHs),

lacunes, enlarged perivascular spaces and cerebral microbleeds (CMBs) [7]. A brief

overview of these SVD signs is as follows:

• Recent subcortical infarcts are caused by the occlusion of smaller arteries

[7]. Even though subcortical infarcts have been shown to cavitate (form fluid

filled cavities or lacunes), they could evolve into hyperintensities or lacunar

infarcts [7]. Subcortical infarcts cause around 25% of ischemic stroke and are

often asymptomatic [8]. However, the progression of subcortical infarcts and

their clinical impact are not yet fully explored [9].

• Lacunes of presumed vascular origin (commonly known as silent brain infarcts

[10]) are fluid-filled cavities formed by healing subcortical infarcts, and occur

near perforating subcortical arterioles [7]. Lacunes have been associated with

dementia [10], gait impairment [11] and have been shown to increase the risk of

stroke [10] and post-stroke depression [12].

• White matter hyperintensities of presumed vascular origin (WMHs, also

known as white matter lesions) are commonly found in elderly subjects. How-

ever, they have been related to various vascular diseases, dementia (including

Alzheimer’s disease), and are important biomarkers for stroke [13] and gait dis-

turbances [7, 14]. Even though the pathogenesis of WMHs has not yet been

fully understood, studies show histopathological correlations between WMHs

and partial loss of myelin, hypoxia [15], astrogliosis [16] and enlarged perivas-

cular spaces [17].
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• Cerebral microbleeds (CMBs) represent focal haemosiderin depositions con-

sisting of macrophages in microhemorraghes [18], and are sometimes surrounded

by ischemic areas and gliosis [16]. CMBs could be the early sign of intracerebral

haemorrhage (ICH) [16], vascular dementia, Alzheimer’s disease [16, 7, 18] and

have been associated with cognitive decline [19, 20]. Moreover, CMBs often oc-

cur with cerebral amyloid angiopathy (CAA) related vascular damage, mostly

in grey-white matter junctions [16].

• Enlarged perivascular spaces occur due to dilation of fluid filled space

around small arterioles/venules and brain parenchyma tissue [21]. They are

associated with other signs of SVD such as WMHs [22] and lacunes [21]. The

clinical impact of enlarged perivascular spaces is not yet clear, however they

have shown some correlation with age and cognitive decline [23].

In addition to the above, other signs of SVD could include intracerebral haemor-

rhage and superficial cortical siderosis and brain atrophy [7].

Among the above signs, we focus on WMHs and CMBs in our work. Recent stud-

ies indicate a relatively higher burden of WMHs (>65% in [24] and around 36% in

[3]) and CMBs (around 10% in [24] and 27% in [3]) among SVD subjects, and show

higher correlation with the risk factors of SVD. Given the clinical impact of WMHs

and CMBs, their accurate detection is crucial to understand their role in the patho-

genesis of various vascular and neurodegenerative diseases occurring in the elderly and

to evaluate their usefulness as biomarkers for identifying and staging such diseases.

Automated detection of WMHs and CMBs has emerged as an active research area,

since they represent a crucial link between vascular and neurodegenerative diseases

[25, 16, 26]. Out of the two, WMHs have been better explored, but their segmenta-

tion and analysis still have scope for improvement. On the other hand, with only a

few methods (and most of them semi-automated) existing for CMB detection, CMBs

require more research for their identification and analysis.
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1.1.1 Medical imaging of SVD

The manifestation of SVD signs is usually inferred from the findings observed in imag-

ing modalities such as computed tomography (CT) and magnetic resonance (MR)

imaging [4, 7]. In particular, structural MR imaging data such as T1-weighted,

T2-weighted, diffusion weighted imaging (DWI), fluid attenuation inversion recov-

ery (FLAIR), T2*-weighted (or susceptibility weighted - SWI) sequences are widely

used for identifying specific characteristics associated with various SVD signs.

Figure 1.1: Schematic representation of SVD signs. The characteristics of SVD signs (top) along
with their schematic representation (bottom). Image courtesy: Wardlaw et al, Lancet Neurology,
2013.

Figure 1.1 shows the characteristics of various SVD signs, along with their

schematic representation as described in [7]. Briefly, recent subcortical infarcts are

focal hyperintense areas of size up to 20 mm on T2-weighted, DWI and FLAIR im-

ages. Lacunes have a distinct pattern of ovoid dark cavities (filled with fluid and

4



having CSF-like signal intensity characteristics) surrounded by hyperintense rims on

FLAIR images. Lacunes of presumed vascular origin have size ranging from 3 to 15

mm. Enlarged perivascular spaces look similar to lacunes (except for a less distinct

rim), however they are smaller than lacunes with less than 3 mm in size and tubular

in shape. WMHs are localised hyperintense regions on T2-weighted, T2*-weighted

and FLAIR images, and generally vary in size. CMBs are small focal dark circular

lesions on T2*-weighted gradient recalled echo (GRE) sequences ranging from 2 to

10 mm in size. However, CMBs appear prominent on susceptibility weighted images

(SWI) due to blooming effect [27, 25].

1.2 White matter hyperintensities (WMHs)

WMHs of presumed vascular origin (also known as white matter lesions or leukoaraio-

sis [7]) appear as bright localised areas in proton-density, T2-weighted, T2*-weighted

and FLAIR images [28]. They can also appear hypointense on T1-weighted images.

Figure 1.2 shows the difference in the appearance of WMHs between some of the

commonly used image modalities.

1.2.1 Classification of WMHs and clinical impact

WMHs are mainly differentiated into periventricular WMHs (PWMHs) and deep

WMHs (DWMHs) [29, 26, 30]. PWMHs occur around ventricles, appearing as caps

(especially around the frontal ventricular horns) and thin lining or halo [31]. DWMHs

occur in the deep subcortical white matter [31, 26], as punctate, early confluent and

confluent lesions [16]. Qualitative assessments by MR studies show that the impact

is often distinguished between PWMHs and DWMHs [32, 26, 33]. A detailed account

of their clinical impact has been provided in chapter 2. On MR images, WMHs are

classified into PWMHs and DWMHs according to various criteria based on distance

[33, 30, 34] and continuity from the ventricles [31, 35]. Figure 1.3 shows the schematic

representation of different criteria for classification of PWMHs and DWMHs as de-

scribed in [36]. The continuity from ventricles criterion [31, 35] considers WMHs
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Figure 1.2: Examples of WMHs on various modalities. Examples showing WMHs on (a) FLAIR
(from left to right: normal to severe WMHs), (b) FLAIR and T2-weighted images of the same
subject showing WMHs and lacune (arrow) (c) FLAIR and T2-weighted images. Note that subtle
WMHs are detected more easily on FLAIR. (d) T1-weighted images (WMHs indicated by arrows).
(a),(b) and (c) images courtesy: Wardlaw et al, Journal of the American Heart Association, 2015.
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adjacent to the ventricles as PWMHs. Based on the distance from ventricles, WMHs

within 10 mm from ventricles [33] or within 3-13 mm from ventricles [30] are consid-

ered as PWMHs, and WMHs lying less than 3 mm are regarded as juxtaventricular

WMHs (JWMHs). Wen and Sachdev [34] determined an empirical distance from

the ventricles in an elderly population to distinguish PWMHs and DWMHs. Among

the above criteria, the 10 mm distance rule has been shown to be more suitable for

automatic implementation, is commonly used and agrees with human rater, even in

most of the confluent lesion cases [36]. In general, considering the differences in the

appearance and clinical impact of PWMHs and DWMHs, it would be useful to un-

derstand how their individual characteristics affect automated segmentation methods.

For this purpose, we performed comparative analysis on our methods, using various

performance measures, between PWMHs and DWMHs in our experiments.

Figure 1.3: Schematic representation of various classification criteria of PWMHs and DWMHs.
PWMHs (red) and DWMHs (blue), shown along with juxtaventricular WMHs (JWMHs, yellow).
Image courtesy: Griffanti et al, NeuroImage, 2018.

7



1.2.2 Exclusion criteria for WMHs

There have been differences in views on the exclusion criteria for WMHs of pre-

sumed vascular origin, and the general consensus [7] is the ‘lesions in the subcortical

grey matter or brainstem should not be included in the category of white matter

hyperintensities of presumed vascular origin unless explicitly stated’. Also, smooth

WMHs, particularly in the subcortical deep white matter, have often been confused

with and indistinguishable from dirty-white matter [37]. Since dirty-white matter is

a biomarker for multiple sclerosis [38] and has a different underlying pathology, we

exclude it from WMHs.

A genetic form of SVD is cerebral autosomal dominant arteriopathy with subcor-

tical infarcts and leukoencephalopathy (CADASIL) [39], characterised by a genetic

mutation with the NOTCH-3 gene. It is the most common heritable cause of stroke

and vascular dementia in adults and it is characterised by extensive damage to white

matter brain regions [40]. The patients are usually younger than those with sporadic

SVD, without the confounding factors of co-existent neurodegenerative pathology

[41]. Since they provide a model of pure SVD [42], we include CADASIL lesions for

comparative analyses with WMHs.

1.2.3 WMH segmentation and analysis

Various visual rating scales are available for assessing WMHs, the most common

ones being the Fazekas scale [31], the Schelten’s scale [43] and the age-related white

matter changes (ARWMC) scale [44]. However, visual rating is time consuming,

causes observer bias leading to inconsistent results among various studies, and only

provides qualitative or categorical information about WMHs and limited information

about the spatial location of WMHs [45]. Voxel-wise WMHs maps would help us

in identifying the relationship between the spatial location/distribution of WMHs

and various clinical factors [46]. In addition, getting precise locations for WMHs

would be useful to define patterns for discriminating between normal and pathological

ageing [47, 48, 49, 50]. Manual segmentation would allow voxel-wise information on
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WMHs to be obtained, however, it is time consuming, even more than visual rating,

and, similar to visual rating, is prone to inter-rater variability. Therefore, several

computer-assisted automated and semi-automated WMH segmentation algorithms

have been developed to reliably provide the exact localisation of WMHs at the voxel-

level for individual subjects [51]. A review of the existing literature is provided in

chapter 2. The FMRIB Software Library (FSL) [52] group has recently developed a

machine learning based WMH segmentation tool called Brain Intensity AbNormality

Classification Algorithm (BIANCA) [53] (explained below in section 1.2.4). Even

though BIANCA provides a reliable segmentation of WMHs (of vascular origin), there

is still scope for improvement in the overall segmentation performance, especially in

the deep regions, where WMHs are subtler than PWMHs [53].

In addition to the detection of WMHs on individual subjects, determining the

voxel-wise distribution of WMHs across a population is important, in order to inves-

tigate the relationship between the spatial distribution of lesions and various factors

of interest, such as age, presence of vascular risk factors and cognitive function. In

fact, although the occurrence of WMHs is common in ageing population [54], clear re-

lationships between volume/distribution of lesions and cognition, demographics, and

risk factors have not been established [16, 7].

1.2.4 Brain intensity abnormality classification algorithm
(BIANCA)

BIANCA [53] is a supervised algorithm that classifies the image voxels based on in-

tensity and spatial features using the K-Nearest Neighbour (KNN) algorithm. The

schematic representation of the BIANCA algorithm is shown in figure 1.4. In KNN,

the predicted value for each instance (i.e. voxel) is the average of K nearest neigh-

bouring instances in the feature space (refer to appendix B for a brief overview of

KNN). In the output image, the value at each voxel represents the probability of the

voxel being WMH. The lesion probability map is then usually thresholded to create

a binary lesion map before being used in further analyses. Currently, threshold val-

ues of 0.8 - 0.95 have been shown to be the optimal threshold value for most of the
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datasets. The false positives can be reduced by applying a mask obtained from the

dilated and inverted cortical CSF tissue segmentation, combined with other deep grey

exclusion masks, as described in [53] to mask out the voxel values outside the region

of interest (ROI) (i.e. the white matter).

Figure 1.4: Schematic representation of the BIANCA algorithm.

The intensity features of BIANCA are extracted from, but not restricted to,

FLAIR, T1 and fractional anisotropy (FA) images, while spatial features are extracted

from the corresponding MNI coordinates. Several additional options are available in

BIANCA: weights for spatial features, patch (kernel) size for local averaging of inten-

sity features, subjects included in the training set based on their lesion load, number

of training points for the WMHs and non-WMHs classes, location of training points

for non-WMHs classes (refer to [53] for further details).

BIANCA is quite flexible, computationally lean and provides good reproducibility

within scanner. However, robustness of the algorithm requires improvement with

respect to the variation in lesion intensities. Also, parameters such as threshold value

for obtaining binary lesion maps need tuning for data acquired with different scanners

[53].

1.2.5 Challenges in WMH segmentation and analysis

WMH segmentation is challenging due to four main aspects as explained below:

Firstly, segmentation of WMHs is affected by the variability in the intensity char-

acteristics of WMHs in different locations. For instance, PWMHs are brighter and
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have more contrast with respect to the background white matter, when compared to

DWMHs [55, 56, 57].

The second challenge is the presence of background noise and artefacts in the white

matter. Noisy images could lead to spurious detections and could intervene with the

correct boundary delineation of WMHs and detection of small lesions, particularly

in the deep regions. In addition to noise, other artefacts [28] that occur during

acquisition also affect WMH segmentation. Table 1.1 provides a brief description of

various MR artefacts confounding WMH segmentation and figure 1.5 shows a few

examples of commonly occurring artefacts.

Thirdly, the contrast variations within some subcortical structures near the ven-

tricles (e.g. ends of caudate nucleus) and brain abnormalities (e.g. brain infarcts)

[16] can also result in the detection of ‘false’ WMHs. Even though positional priors

could be used to reduce these false detections, these could be counterproductive and

can cause the loss of true WMHs.

The fourth challenge is the change in lesion characteristics and distribution with

respect to the pathology and demographics of the cohort/dataset. The use of in-

tensity and spatial features alone might not be sufficient for the robust detection of

WMHs across various datasets. Hence, there is a need for methods that use contex-

tual information from images in addition to the above features. These include the

methods operating on a region (thus using neighbourhood information) or a receptive

field, rather than working on an individual voxel. For example, convolutional neural

networks (CNNs) use convolutional filters with varying sizes of receptive fields, and

have been shown to be robust tools for segmentation of WMHs [58, 59] across various

datasets.

1.3 Cerebral microbleeds (CMBs)

CMBs appear as small, circular, well-defined hypointense lesions of size ranging from

2 to 10 mm in size on T2*-weighted images. They are more prominent in SWI, since
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MRI artefacts Appearance and characteristics

Motion artefacts

Occurs due to head motion and eye movement. Ghost-
ing effect (objects extended and blurred along the read
direction of scans) around the eye; hyperintense concen-
tric rings with ghosting effect and image distortion.

Gibbs ringing

Occurs during image reconstruction due to truncation
of Fourier series. Appears as a concentric hyperintense
parallel rings immediately adjacent to the high contrast
areas (e.g. brain edges).

CSF flow/pulsation arte-
facts

Occurs due to pulsative flow of CSF. Presence of hyper-
intense clusters around third, fourth and lateral ventri-
cles. Also occurs in choroid plexuses.

Magnetic susceptibility
artefacts

Caused by the presence of ferromagnetic material or at
air-tissue interfaces. Sudden changes in the magnetisa-
tion result in spin dephasing, causing signal loss and/or
image distortion. Occurs at the floor of frontal regions
and near air-bone interfaces.

Blood flow artefacts
Small linear hyperintensities near sinuses and major ar-
teries (e.g. carotid artery) due to blood flow.

Table 1.1: A brief description of MRI artefacts hindering WMH segmentation.

haemosiderin (which is paramagnetic) in CMBs causes T2* signal loss and change in

phase, making CMBs appear larger visually on images than their actual size. This

effect is known as the blooming effect [60, 61, 62]. Figure 1.6 (shown in [25]) indicates

the difference in CMB between T2*-weighted GRE image and SWI.

1.3.1 Distribution of CMBs

Based on their histopathological correlates, location and clinical implications, CMBs

are broadly classified into deep (infratentorial) CMBs and lobar (cortical-subcortical)

CMBs [25, 63], as shown in figure 1.7a. The distribution of CMBs and their significant

correlation with clinical factors [64, 63] are shown in figure 1.7b. Deep CMBs are

caused by arteriosclerosis and are usually associated with hypertensive vasculopathy

[65, 63, 64, 66]. In such cases, CMBs are mostly found in basal ganglia, thalamus,
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Figure 1.5: Examples of common artefacts confounding WMHs detection (shown on FLAIR images).
(a) Gibbs ringing artefact, (b) motion artefact, (c, e) susceptibility artefacts in frontal lobes at air-
bone interfaces, (d) susceptibility artefacts in the air-tissue interface in the frontal region, (f) CSF
flow artefacts in the third and fourth ventricles (indicated by arrows). Images courtesy: Wardlaw et
al, Lancet Neurology, 2013 (a), Nyberg et al, American Journal of Neuroradiology, 2012 (b), Lavdas
et al, Clinical Imaging, 2014 (c,e), Vargas et al, Journal of Neuroradiology, 2009 (d,f).

brainstem and cerebellum [27]. Lobar CMBs are caused by the accumulation of

amyloid-β in the arteries, arterioles and capillaries in cerebral cortex and are often

associated with CAA, APOE ε4 allele and Alzheimer’s disease [67, 68, 64, 69]. Studies

suggest that lobar CMBs related to CAA are mainly found in the posterior part of
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Figure 1.6: Difference in the appearance of CMBs with susceptibility effect. An example showing
CMBs in an intracerebral haemorrhage subject on (A) T2*-weighted GRE and (B) SWI. Note 4
definite CMBs in the bottom right (indicated by arrows). Image courtesy: Charidimou et al, Future
Neurology, 2011.

temporal and parietal lobes [70, 71], and in occipital lobes [72]. A detailed overview

of the clinical impact of CMBs, as provided in various studies has been reported in

chapter 2.

1.3.2 CMB detection and characterisation

Various visual rating scales such as the microbleed anatomical rating scale (MARS)

[73] and the brain observer microbleed scale (BOMBS) [74] are available for rating

CMBs in different regions of the brain. The BOMBS scale provides the CMB ratings

in the lobar and deep regions of the brain, subdivided by CMB size (<5 mm, 5-10

mm) [74], while the MARS scale, in addition, provides CMB ratings in the individual

lobes. Similar to WMH visual rating scales, they are time consuming and prone to

inter-rater variability. Voxel-level detection of CMBs would allow their exact locali-

sation, determination of their count, and the possibility of their characterisation. For

instance, obtaining a voxel-wise CMB map would help in determining the size and

count of CMBs. An automated CMB segmentation tool with reliable accuracy and

precision would be useful to derive the voxel-wise CMB maps for individual subjects

efficiently in large populations.
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Figure 1.7: Schematic representation of CMB distribution in the brain. (a) Histopathology of
deep and lobar CMBs. (b) Distribution of CMBs and their clinical implications as reported in the
Rotterdam Scan Study. Bg - basal ganglia, BP - blood pressure, Ec - external capsule, Ic - internal
capsule, Th - thalamus. Images courtesy: Charidimou et al, Future Neurology, 2011.

1.3.3 Challenges in CMB detection

The main challenges in CMB detection are that CMBs are small in size, sparsely

distributed and are not very common. This makes their detection and analysis highly
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difficult both at population- and subject-level. It would be quite useful to observe

the prevalence and clinical/demographic associations of CMBs in larger populations.

But these population-level analyses are limited by the fact that CMBs occur sparsely,

are difficult to detect due to their size, and are often accompanied by other signs (e.g.

haemorrhages).

At the subject-level, automated voxel-wise detection of CMBs is still highly chal-

lenging due to their small size, contrast variations and the other mimics. The use

of SWI generally improves the CMB contrast when compared to T2*-weighted GRE

sequences. However, SWI also enhances haemorrhagic CMB mimics (explained in

section 1.3.4) such as cavernous malformation, micrometastases and small haemor-

rhages, making it difficult to identify true CMBs. Distinguishing CMBs from their

mimics can benefit from using multiple imaging modalities, prior clinical information

(especially in case of flow voids and partial volume effects) and good quality (high

resolution) images. Semi-automated methods have been proposed as a possible solu-

tion to overcome the spurious detection of CMB mimics, although with a trade-off of

post-detection manual intervention.

1.3.4 CMB mimics

The SWI has been shown to aid in identifying more CMBs (at least >67% [75])

compared to T2*-weighted GRE images. However, the presence of other paramag-

netic substances, apart from haemosiderin, causes the enhanced appearance of dark

structures that resemble CMBs, known as CMB ‘mimics’ [27]. The description and

features of CMB mimics [27, 25] are listed in table 1.2. Figure 1.8 shows a few exam-

ples of commonly observed CMB mimics [27]. The major haemorrhagic/paramagnetic

CMB mimics include cavernous malformations, haemorrhagic micrometastases, dif-

fusion axonal injury, small haemorrhages nearer to the infarcts and ICH areas. In

addition to the above, there are various non-haemorrhagic mimics such as flow voids,

calcifications and partial volume artefacts at air-bone interfaces [27, 25]. However,

the use of T2*-weighted GRE and SWI images together could help in the removal of
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non-haemorrhagic mimics, since they are non-paramagnetic and hence do not exhibit

the blooming effect on SWI.

CMB mimics Description and characteristics

Cavernous
malformations

Visible on T2 (subtypes I - IV). Leakage of blood from
the vessels at various stages of degradation [27], with
subtype II lesions appearing with popcorn-like struc-
ture (looks similar to ringing artefacts found on T2*-
weighted images). Subtype - IV lesions are punctate
and are more difficult to differentiate from CMBs [25].

Haemorrhagic
micrometastases

Metastatic melanoma often can bleed and appear hy-
pointense on T2*-weighted images since melanin is para-
magnetic, but has concomitant hyperintensities on T1-
weighted images surrounded by oedema. Note that
other than metastatic melanoma, other haemorrhagic
metastases are possible. However, small non-oedemous
lesions are difficult to distinguish from CMBs.

Diffuse axonal injury

Concomitant presence of abnormalities (e.g. skull frac-
ture and contusions) [25, 76]. The clinical history of
subjects is recommended for distinguishing from CMBs.

Small haemorrhages near
infarction and ICH areas

Visible on T2, T2*-weighted, FLAIR, DWI sequences.
Sometimes, they differ from CMBs in size. Would be
easier to use infarctions as exclusion biomarkers.

Flow voids

Do not show blooming effect. They have linear/ curvi-
linear tubular structures extending through contiguous
slices, usually appear in the cortical regions and are vis-
ible on T2 images [25]

Calcifications

They are usually found in the basal ganglia. However,
calcifications could also occur in choroid plexuses and
the pineal gland. They appear as hyperintense blobs on
CT images [77]

Partial volume artefacts
(air-bone interfaces)

Do not show blooming effect. Particularly seen in frontal
and temporal lobes (orbit and mastoid bones) and at the
edges of cerebellum. Distinguishable from CMBs using
location priors and observation of contiguous slices.

Table 1.2: CMB mimics and their distinguishing characteristics.
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Figure 1.8: Examples of CMB mimics. (a) Calcification in the left hemisphere (surrounded by
hyperintense signal). In the CT image on right, the calcification is shown as an hyperintense area.
(b) Minimum intensity projection of axial slices shows flow voids nearer to the brain surface. (c)
Two contiguous axial slices of T2*-weighted GRE images showing partial volume artefacts. The
dark spot would have been misidentified as CMB by observing left slice alone, but the slice below
shows that it is actually a partial volume artefact at the air-bone interface (in this example, sphenoid
bone). (d) cavernous malformations shown on proton density-weighted (left), T1-weighted (middle)
and T2*-weighted (right) images. Image courtesy: Greenberg et al, Lancet Neurology, 2009.
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1.4 Objectives of this work

Our primary objectives are:

• To study the distribution of WMHs at the population-level with respect to

various clinical factors.

• To identify and segment WMHs on structural MR images with equally high

accuracy in all regions of the brain white matter.

• To detect CMBs automatically in large datasets.

Given our primary research objectives, our secondary objectives are as follows:

• To obtain population-level WMH distribution maps with respect to various

demographic factors, and determine their statistical significance.

• To experiment with various strategies at different steps of BIANCA for improv-

ing WMH segmentation.

• To explore the possibility of using machine learning techniques, especially deep

learning models for WMH segmentation as a potential and better alternative

to BIANCA.

• To automatically preselect candidate subjects with CMBs in a large dataset.

• To detect CMBs at the voxel-level for individual subjects.

• To characterise CMBs lesion load based on their number and size and provide

an automated rating of CMBs in different regions of the brain.

1.5 Contributions of this work

The research presented in this thesis has contributed to the development of the fol-

lowing:
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• Bayesian inference-based modelling algorithm: A robust modelling ap-

proach for obtaining voxel-wise probability map at the population-level has been

proposed.

• Locally adaptive thresholding of lesion probability maps: A novel

thresholding method, adaptive to local probabilities, has been presented as an

alternative for the global thresholding. Our proposed method is robust across

lesion loads and pathological conditions.

• Ensemble of U-Nets in triplanar architecture with spatially weighted

loss function for WMH segmentation: An ensemble model has been pro-

posed for WMH segmentation using anatomical information regarding WMHs,

and has been extensively evaluated on various datasets.

• Pipeline for CMB candidate subject preselection: A learning based

pipeline has been described for the preselection of CMB candidates subjects

in large datasets and evaluated on different image modalities.

• A multiscale deep learning-based CMB detection on individual sub-

jects: The proposed method involves initial candidate detection, candidate

discrimination and false positives removal for CMB detection, with efficient

removal of CMB mimics.

• An atlas-based method for automated rating of CMBs: Structural at-

lases from the MNI space have been used for determining CMB ratings based

on the MARS scale.

1.6 Thesis outline and overview of the research

work

This section outlines the overall organisation of the thesis. Figures 1.9 and 1.10 show

the overview of the proposed workflow for WMHs and CMBs respectively, catalogued

by the corresponding chapter numbers.
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Chapter 2 reports the relevant literature for our research work on WMHs and

CMBs. The chapter provides an account of the literature available for WMH seg-

mentation and CMB detection to the best of our knowledge. It also describes the

population-level studies that analyse the relationship between the distribution of

WMHs, CMBs and clinical factors.

Chapter 3 describes our proposed method for modelling the distribution of WMHs

using Bayesian inference within a population, with respect to a clinical factor. The

individual subject-level lesion probability maps obtained from BIANCA provided a

good starting point for the development of our algorithm for obtaining the population-

level map. The chapter explains (i) the proposed Bayesian modelling algorithm

(shown in the top panel of figure 1.9), (ii) results of our algorithm on a simulated

dataset, followed by the evaluation on the real datasets and (iii) comparative analysis

of the performance of our algorithm with existing methods. The preliminary results

of the algorithm were presented at the 2017 OHBM conference, Vancouver (Sundare-

san et al., OHBM 2017) and the final results of this work, including the results of the

comparative analysis, are reported in Sundaresan et al., 2019 [78].

In chapter 4, we improve the existing WMH segmentation with BIANCA. The re-

sults obtained from chapter 3 were used for part of the experiments done in this work.

The chapter explains the strategies for experiments performed on different steps of

BIANCA: (i) feature extraction, (ii) classification and (iii) thresholding of probabil-

ity maps. The middle panel of figure 1.9 shows the schematic representation of the

work explained in the chapter. The main contribution of this work is our proposed

method for locally adaptive thresholding of subject-level lesion probability maps. The

preliminary results of the adaptive thresholding algorithm were presented at OHBM

conference 2018, Singapore (Sundaresan et al., OHBM 2018). The final results of

this work, including the other two strategies for the improvement of BIANCA, are

reported in Sundaresan et al., 2019 [79].

Chapter 5 addresses our work on the development of a hybrid deep learning model

for WMH segmentation. The chapter outlines the proposed model architecture and
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Figure 1.9: Flow chart depicting the overall workflow for WMH segmentation and analysis.
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discusses various data considerations such as limited number of training subjects, pre-

processing and augmentation. The chapter reports (i) evaluation results on various

datasets, (ii) results of comparison of our proposed model with BIANCA. Finally,

the generalisability of the model on various datasets has been analysed. The chapter

explains about the domain adaptation of our model on various datasets with different

characteristics by using transfer learning and domain adversarial training. The pre-

liminary evaluation results of the proposed model have been submitted to ISMRM

conference 2020, Sydney (Sundaresan et al., ISMRM 2020) and the corresponding

publication is currently in preparation. The bottom panel of figure 1.9 depicts the

overview of the work explained in the chapter.

Figure 1.10: Flow chart depicting the overall workflow for CMB detection and characterisation.

Chapter 6 describes our work on the end-to-end automated analysis of CMBs in a

large dataset. The flowchart in figure 1.10 shows the overall workflow of CMB detec-
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tion. We considered the detection of CMBs in a large dataset as a two-level problem

and hence handled it in two phases: (i) preselecting the CMB candidate subjects for

further analysis and obtaining manual segmentations (top panel in figure 1.10) and

(ii) detection and characterisation of CMBs in individual subjects (the bottom panel

in figure 1.10). The chapter explains the work done at both levels and focuses on the

challenges at each level. The work described in this chapter was done in collaboration

with the TICH2 trial group [80, 81] at University of Nottingham, UK. Our collabo-

rators provided the TICH2 trial data and manual segmentations for the development

of both the preselection pipeline and the deep learning model for CMB detection. In

the first phase, we developed the preselection pipeline and identified the potential

CMB subjects in a large dataset (UK Biobank). Our collaborators will provide the

manual segmentations for these selected subjects, which would enable us to proceed

with the large-scale validation in future. During the second phase, we developed a

deep learning model for the detection of CMBs and evaluated the model on various

datasets. The chapter provides a detailed explanation of work done in both phases

and it reports (i) the evaluation results of the preselection pipeline and (ii) the re-

sults of our proposed CMB detection model on various datasets. Finally, the chapter

describes our work on obtaining clinically more useful information on CMBs such as

size, number and rating for further analyses. The preliminary results of the work

done in the first phase were presented at 2019 OHBM conference, Rome (Sundaresan

et al., OHBM 2019).

Finally, chapter 7 provides the conclusions and possible future directions of our

research. The details of datasets used for various experiments in our research are de-

scribed in appendix A. A brief overview of various supervised classification algorithms

used in chapter 4 are provided in appendix B. The performance measures used for

the evaluation of our experiments are described in appendix C and finally, a sample

MARS rating form has been provided in appendix D.
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Chapter 2

Literature review

This chapter presents a review of the existing literature for WMH and CMB detection

and analysis at both the population- and subject-level.

Section 2.1 provides an overview of various clinical correlates of WMHs and CMBs

that have been established in large population studies in the literature. Section 2.2

provides a review of the existing work done in WMH segmentation and analysis. For

WMHs, section 2.2.1 reports work done towards modelling the population-level voxel-

wise distribution of WMHs, and studying the relationship between WMH voxel-wise

distribution and various factors of interest. At subject-level, section 2.2.2 provides

an account of WMH segmentation methods proposed in the literature, including the

recent development in deep learning methods. For CMBs, section 2.3.1 provides a

detailed review of various types of existing CMB detection methods. Although this

is not an exhaustive systematic review, for clinical impact, we performed a search

through keywords (e.g. white matter hyperintensities, cerebral microbleeds, age, hy-

pertension etc.). For methods, we used a combination of search through keywords

and going through the references of important work.

2.1 Clinical impact of WMHs and CMBs

Clinical impact of WMHs: This section focuses on some of the most important

large scale studies that were done on thousands of subjects for observing the clinical

correlates of WMHs.
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The crucial large population studies include the Rotterdam study [82], the

Leukoaraiosis and Disability (LADIS) study [83], the Lothian birth cohort study

[84], AGES-Reykjavik Study [85], the Oxford vascular study (OXVASC) [86], the

UK Biobank study [87] and the INtervention project on cerebroVAscular disease and

Dementia in Ebersberg (INVADE II) study [88]. In the earlier studies [82, 83], semi-

quantitative ratings, involving visual rating [89], were used and significant correlations

of WMHs with cognitive decline [82, 90], vascular risk factors [90], gait imbalance [91]

and stroke [32] were reported. The development of automated WMH segmentation

methods aided in accurate quantification and in studying the relationship between

the clinical correlates and spatial distribution of lesions. For instance, deep WMHs

(DWMHs) have been associated with brain atrophy [84] and WMH volume was found

to be significantly higher in apathy subjects [85]. Significant correlations have also

been established between WMH load and cognition [88, 92, 86]. However, a clear

relationship between the spatial distribution of WMHs and apathy or cognition has

not been established. In the UK Biobank study, the largest MR population ever (cur-

rently acquired for ≈ 48,000 subjects, will reach 100,000), WMHs have been found to

be positively correlated with age, blood pressure [87] and APOE ε4 genotypes [93].

Regarding the individual clinical impact of PWMHs and DWMHs, PWMHs have

been shown to have higher correlation with age and cognitive decline [54, 94], while

DWMHs have been associated with depression [94, 26]. In the existing literature,

both PWMHs [36] and DWMHs [50] have been associated with high blood pressure

(BP). Therefore, while WMHs are associated with high BP in general, a clearer

localisation of the effect is lacking. Studies show differences in the functional and

histopathological characteristics of PWMHs and DWMHs [30, 95], indicating slightly

more ischemic damage in DWMHs when compared to PWMHs [31, 96].

From the above studies, WMHs have been associated with age, BP, gait imbalance,

cognitive decline and brain atrophy. They have also been commonly found in subjects

with vascular risk factors and depression. However, the results are still contradictory

for these associations (e.g. positive correlation of BP with DWMHs in some literature,
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while with PWMHs in others), and there is a lack of clear understanding regarding the

origin and the impact of WMHs. Hence, further work is needed in terms of detection

and studying the clinical associations of WMHs.

Clinical impact of CMBs: While several studies exist for CMBs [27, 97, 25], this

section provides a review of the studies done at larger scale (200 subjects or more)

and highlights the commonly established clinical correlates and risk factors of CMBs.

In the large population studies, usually CMBs were detected and rated manually

based on the MARS scale [73]. Some of the large population cross-sectional stud-

ies include the Austrian Stroke Prevention Study [98], the Japanese study [99, 100],

the Japanese ‘brain docking’ study [101], the Framingham study [102], the AGES-

Reykjavik Study [68, 103], the Rotterdam scan study [63, 64], the Japanese Kishi-

wada City Hospital study [104] and the Japanese rural community study [105].

Strong associations have been established between CMBs and risk factors such as

age [98, 101, 102, 63, 64, 105], hypertension [98, 99, 101, 63, 64], smoking habits

[99, 63, 64], sex (found more commonly in male participants) [102, 105], white mat-

ter damage [98] and several vascular risk factors [104, 97]. Moreover, CMBs have

often been found in subjects that have experienced transient ischemic attack (TIA)

[106, 54, 97, 107, 108, 109] and vascular dementia [110]. CMBs have also been cor-

related with microangiopathy, hemorrhagic stroke [100], APOE ε4 [68] and diabetes

[68]. Cordonnier and colleagues [111] studied 772 subjects and found that CMBs

are associated with age, WMHs and lacunar infarcts, which was later confirmed in

the Rotterdam scan study [63, 64]. CMBs have been shown to affect neurologi-

cal functions causing gait disturbances [112] and are found in CADASIL subjects

[113, 114, 115]. Strong correlations have been found between CMBs and cognitive

decline [103, 105, 116, 117, 20, 118, 119, 110] and cerebral amyloid angiopathy (CAA)

in elder subjects [120]. However, recent studies on their predictive value for long-term

cognitive outcome have shown inconsistent results, therefore the specific role of CMBs

in cognitive impairment remains unclear. A few longitudinal studies have also been

performed to observe the associations between the increase in CMBs and various
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factors. A longitudinal study performed by Gregoire and colleagues [107] using the

MARS rating scale showed that 50% of subjects with CMBs had more risk of devel-

oping new CMBs over a mean interval of around 5 years, indicating the progressive

nature of CMBs. Another study [121] performed on a European cohort of 487 sub-

jects, with a median follow-up time of 2.2 years, observed that patients with CMBs

have higher risk of developing new ischemic strokes.

From the above studies, the common risk factors of CMBs are age, hyperten-

sion, smoking and APOE ε4 alleles. Also, CMBs have been commonly associated

with white matter damage, cognitive decline, stroke and dementia. In chapter 6,

we propose an automated pipeline to preselect the candidate CMB subjects in big

datasets. We apply the above factors as preliminary conditions to shortlist the can-

didates for the application of the preselection pipeline. Note that this shortlisting

might affect the possibility of considering the presence of CMBs as an independent

biomarker. However, shortlisting the subjects before preselection would considerably

increase the accuracy/specificity of the preselection in an efficient way in very large

populations.

2.2 WMH analysis and segmentation

2.2.1 Population-level modelling of WMHs

As mentioned earlier, WMHs have been associated with various clinical factors, the

most common ones being age, BP, cardiovascular risk factors, cognitive decline, stroke

and atrophy. However, in addition to the overall correlations, obtaining voxel-based

population-level WMH maps would help in characterising the relationship between

WMH spatial distribution and various clinical and demographic factors.

The simplest method used in the literature for obtaining voxel-wise lesion distribu-

tion maps with various parametric factors (such as age, cognitive function and so on)

consists of averaging subject-level lesion probability maps that are grouped according

to those parametric factors, as proposed by Rostrup and colleagues [50]. A limitation

of this approach is that it does not necessarily provide continuity or smoothness in
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space or across the parametric dimension for the lesion probabilities. This limitation

is quite prominent in the population with small number of subjects or with lower le-

sion load (sparse lesions), where there are not enough lesion samples available at the

voxel-level. Alternatively, several mass-univariate methods have been proposed. For

instance, Bates and colleagues [122] proposed voxel-based lesion-symptom mapping

(VLSM), while Charil and colleagues [123, 124] proposed voxel-wise linear regression

of lesion probabilities against various factors. In their later work [124], they stud-

ied the correlation between the cortical thickness and various factors including lesion

distribution in multiple sclerosis (MS) using voxel-wise linear regression. However,

these methods are based on models that work independently in each voxel and do

not capture the relationship between neighbouring voxels. Hence, they are not ideal

for modelling the lesion distribution, since lesions are clustered regions rather than

isolated voxels. Moreover, the linear models used in these methods are not optimal

for binary data [124, 122].

Spatially varying coefficient processes establish a local spatial relationship between

the coefficients of regression models [125, 126, 127]. For example, Ge and colleagues

[127] proposed Bayesian Spatial Generalised Linear Mixed Model (BSGLMM) based

on spatially varying coefficients to determine the relationship between the spatial

distribution of lesions and subject specific covariates such as MS subtype, age, gender,

disease duration and disease severity measures. The spatially varying coefficients are

modelled jointly using a multivariate pairwise difference prior model, a particular

instance of the Multivariate Conditional Autoregressive model. However, the main

implementation problem with spatially varying coefficients is that the dimension of the

correlation matrices involved is very high and their inversion becomes computationally

infeasible for very large imaging datasets [127].

Several solutions have been proposed to overcome this problem. Some of the most

effective methods are Gaussian predictive processes [128], functional principal compo-

nent analysis (FPCA) approach [129, 130] and covariance tapering [131]. Crainiceanu

and colleagues [132] used a truncated Karhunen-Love expansion to estimate spatially
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varying coefficients also as an alternative solution. However, methods such as Gaus-

sian predictive processes require fine-tuning of several parameters to precise values for

good results [128]. In FPCA, the choice of optimal number of components becomes

a crucial parameter to be tuned for the trade-off between bias and variance. More

components, despite reducing the bias, result in higher variance due to the addition

of random error [133]. Also, FPCA could provide a spatially less continuous model

for sparse data.

In chapter 3, we have proposed our own novel method to model the distribution of

WMHs within a population, in a spatially continuous manner, with respect to various

factors of interest.

2.2.2 Subject-level WMH segmentation

Obtaining a generalisable WMH distribution model and studying the population-level

clinical correlates of WMHs relies on their accurate segmentation. As explained in

section 1.2.3 of chapter 1, correct automated segmentation of WMHs should be able

to identify subtle DWMHs as well as properly delineate PWMHs. More generally,

getting the precise location of WMHs at the single subject level would be useful to

define patterns for discriminating between normal and pathological ageing.

Several methods are available [51, 134], including the FSL tool, BIANCA [53], for

WMH segmentation. This section provides a critical review of various semi-automated

and automated methods for WMH segmentation. This review also includes some of

the relevant work done on segmentation of other pathological signs (e.g. MS lesions),

that share some of the characteristics of WMHs on MR images, due to their potential

application to WMHs.

2.2.2.1 Semi-automated methods for WMH segmentation

Semi-automated methods require manual intervention as a part of the algorithm, usu-

ally to initialise the segmentation through seed placement [135, 136, 137, 138] and/or

at the final step for the exclusion of false positives [136, 139, 140] or brain/region of

30



interest (ROI) extraction and refinement [141, 140, 142]. Itti and colleagues [135] seg-

mented WMHs using recursive region growing from manually provided seed points.

Alternatively, Payne and colleagues [136] used a non-parametric statistical method

[137] involving manual seeding of voxels for various tissues types. The identified areas

were further checked manually to distinguish WMHs from other tissues. Burton and

colleagues [141] used morphological operations and a final step of manual editing to

remove non-brain voxels. Sheline and colleagues [143, 144] used bispectral fuzzy class

means for segmenting tissue types and WMHs. The peak search on the 2D histogram

had to be done semi-automatically, and had to be further constrained by a manually

selected ROI. Kawata and colleagues [139] proposed a method that required manual

intervention for both seed initialisation in the region growing step and removal of

false positives (FPs). Another method, named as Lesion Explorer was proposed by

Ramirez and colleagues [140] for both tissue segmentation and brain extraction. The

brain was subdivided into small 3D regions and thresholds were estimated for each of

them using their intensity histograms. However, the final step of manual intervention

for WMH segmentation took 15-20 min per subject. In general, the manual inter-

vention required for semi-automated methods takes a long time and could introduce

inter and intra-operator variability, especially in big datasets. Hence, a fully auto-

mated algorithm is preferable as it avoids manual intervention and leads to efficient

and more objective WMH segmentation.

2.2.2.2 Automated segmentation of WMH based on features

Automated methods provide an end-to-end single- or multi-step pipeline, without

manual intervention on every image. Existing methods for automated WMH seg-

mentation have utilised various characteristics of WMHs such as intensity, spatial

distribution, contrast and texture. In addition, anatomical information regarding

brain white matter and subcortical structures have also been utilised for improving

the segmentation accuracy. This section provides a review of automated methods

for WMH segmentation based on the characteristics used: (i) intensity (thresholding,
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intensity and histogram-based), (ii) intensity and anatomy (probabilistic and atlas-

based), and (iii) intensity, anatomy and appearance (texture, shape, contrast and so

on) of WMHs (morphological operations and co-occurrence matrices). Figure 2.1a

shows percentages of the WMH segmentation approaches based on various features

discussed in this review. Table 2.1 provides the comparison of various exiting auto-

mated WMH segmentation methods based on the type of features, methods used and

their performance.

Intensity: The most crucial and discriminating characteristic of WMHs is their in-

tensity. WMHs are brighter than normal white matter on FLAIR images (and are

usually hypointense, to a lesser degree, in T1-weighted images). Hence, most of the

straightforward methods in the existing literature involve thresholding [145, 146] and

histogram-based modelling [147, 148, 149]. The thresholding methods, though sim-

pler to implement, usually require an additional post-processing step for FP reduction

[145, 146]. Also, determining an optimal threshold is quite challenging and varies ac-

cording to the data. For instance, Jack and colleagues [145] determined the threshold

using regression analysis, while Yoo and colleagues [146] determined the relationship

between thresholds and lesion load. Simões and colleagues [147] fitted Gaussian mix-

ture model (GMM) on histograms, with a modified expectation-maximisation step to

consider the probabilities of neighbouring voxels. In general, thresholding and his-

togram based methods do not work well on pathological images or in the presence of

atrophy. For instance, Wei and colleagues [148] had to develop two individual statis-

tical models for lesion detection based on the subject groups (MS and normal older

subjects). Hence, using intensity alone typically results in spurious detections and is

not robust across datasets.

Intensity and anatomy: In order to overcome the drawback of intensity-based ap-

proaches, a few approaches combined intensity and the spatial location of lesions for

more accurate detection. These include outlier detection in histograms constrained

spatially [150, 151, 149], Bayesian framework with intensity, location and anatomical

priors [152, 153, 154, 155, 156], Markov random field (MRF) models [157, 158, 159]
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and atlas-based segmentation [160, 161]. Methods that detect WMHs as outliers ini-

tially perform tissue segmentation on histogram by GMM modelling [154, 155, 149],

and then detect WMHs as outliers due to their extreme intensity values. They add

spatial constraints to the detected outliers using anatomical priors [154, 155, 156, 149].

Ong and colleagues [150], in their work on MS lesions, used modified trimmed mean to

truncate the histogram ends, so that the extreme outliers could become probable indi-

cators of lesions. Another interesting approach by Yang and colleagues [162] involved

detection of WMHs as outliers spatially on a probability map. They proposed a novel

method by calculating the joint probability maps (χ2-maps) of WMH occurrence in

T1- and T2-weighted images. WMHs were detected as outliers since they showed

very low joint probabilities when compared to healthy brain tissue voxels due to the

difference in their intensity characteristics. In general, the intensities/probabilities of

subtle lesions might not be extreme and hence get ignored during the estimation of

overall subject-level probability threshold. Hence the methods provided relatively low

performance in subtle pathological cases [150]. In those cases, the use of a combination

of intensity and location priors at the voxel-level in Bayesian approaches [152, 153]

provided more accurate detection. Wu and colleagues [160] used multi-atlases as

likelihood functions and as a spatial constraint for the estimation of posterior prob-

abilities of WMHs. In addition to having voxel-wise anatomical and intensity priors,

the effect of neighbouring voxels using MRF model have been shown to improve WMH

detection [157, 158]. Generally, while probabilistic and atlas-based methods perform

well on most cases, the presence of image artefacts and other pathological signs such

as infarcts (due to their deviation from normal prior/atlas) could lead to the misclas-

sification of voxels. Therefore it is useful to consider, along with voxel-wise features,

lesion-level characteristics such as shape and contrast for the detection of lesions in

order to obtain accurate segmentation.

Intensity, anatomy and appearance: A wide range of approaches have been pro-

posed in the literature based on texture, contrast and appearance, the most common

among them based on morphological operations [163, 164] and region growing [165].
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Morphological methods have been used not only for WMH detection [163, 165], but

also for post-processing steps such as FP reduction [166] in combination with other

methods. Shi and colleagues [163] adopted a coarse-to-fine approach using 4 steps

of morphological operations: binary dilation, grayscale closing, binary reconstruction

and grayscale reconstruction. However, the main drawback of these methods is that

they require parameter tuning (e.g. size of the morphological kernels, minimum con-

trast threshold for region growing). The optimal values for these parameters vary

with datasets and affect their generalisability. Another texture-based method using

multisort co-occurrence matrices was proposed by Kruggel and colleagues [167]. Co-

occurrence matrices contain information about pairs of voxels, and could be used to

derive the level of similarity between neighbouring voxels. An interesting method was

proposed by Khademi and colleagues [168] with an aim of detecting WMH to sub-

voxel precision, accounting for partial volume artefacts. Since these artefacts occur

along the edges, they model the mixture of proportion of various tissues at the edge

voxels by considering the change in their values from the ‘pure’ tissue types. While

the method provides reliable edge detection of WMHs, local intensities of the voxels

on the borders are prone to be affected by the presence of noise. Another recent

method proposed by Rachmadi and colleagues [169] was based on ‘limited one-time

sampling irregularity age map (LOTS-IAM)’ algorithm. LOTS-IAM worked at a

patch-level at multiple scales and was based on the assumption that any WMH patch

should have a higher average of maximum and mean intensity values with respect to

a normal patch. Generally, morphological methods are affected by the presence of

image artefacts, especially noise [166, 168].

2.2.2.3 Automated segmentation of WMH based on the classification
method

Automated machine learning (ML) based methods could be either unsupervised (does

not require manually labelled data and works based on inherent characteristics of the

data) or supervised (requires manual labelling and learns to make decisions from the

input data). This section provides a review of methods based on their approaches
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such as (i) unsupervised clustering methods and (ii) supervised classification and

regression algorithms. Figure 2.1a shows percentages of the unsupervised clustering

methods and supervised classifiers for WMH segmentation that are discussed in this

review.

Unsupervised clustering methods: Out of the various clustering algorithms, fuzzy

c-means clustering algorithms have been most widely used [170, 171, 172, 173, 174,

175]. In fuzzy c-means clustering, datapoints are clustered based on their degree of

membership, determined by fuzzy sets (e.g. intensity, contrast), towards the individ-

ual clusters with a mean value c (e.g. mean intensity). Some of the commonly used

fuzzy sets or features were intensity [170, 171, 174] and location [171, 173]. Anitha and

colleagues [175] proposed geostatistical fuzzy clustering by adding a spatial penalty

to the objective function of the clustering algorithm. Often, the clustering step had

to be combined with additional steps such as initial seed selection for clusters [172] or

postprocessing thresholding/consensus step [174]. In general, while clustering meth-

ods are good at detecting lesions, underestimation of WMH occurs at the edges of the

lesions (even with spatial context [175]) or with low lesion loads and hence requires

some additional steps of processing [174].

Supervised classification algorithms: Supervised machine learning (ML) based

classification algorithms have been widely used for WMH segmentation. These al-

gorithms, although requiring manual segmentation for training, constitute the most

popular class of methods for segmentation. Various supervised classifiers like K-

nearest neighbour (KNN), support vector machines (SVM), random forest (RF) and

adaptive boosting (AdaBoost) algorithms have been used either individually or in

combination for WMH segmentation. More details on these algorithms are provided

in Appendix B. Figure 2.1b shows the bar plot of various classifiers for lesion segmen-

tation reported in this review.

One very commonly used algorithm is KNN [176, 55, 177, 56, 178, 179, 180], includ-

ing BIANCA [53]. With respect to other algorithms, the KNN algorithm is simpler

to implement, with fewer parameters to fine-tune and has been shown to provide
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good results [55, 177]. Other classifiers that were often used in the literature include

artificial neural networks [181, 57], AdaBoost [182], SVM [183, 184] and RF [185].

In [184], Damangir and colleagues used a segmentation framework CASCADE based

on a cascade of SVMs and achieved accurate segmentation results. With individual

classifiers, additional information such as anatomical priors [180], preprocessing steps

involving morphological operations [182] or postprocessing steps [185] are required at

times for improving the segmentation accuracy.

Another approach used to improve the segmentation and to avoid excessive addi-

tional processing is to implement combinations/ensemble of classifiers, with SVM and

RF being the preferred options. SVM classifiers have been used in combination with

the AdaBoost classifier [34, ?], RF [187] and KNN [188, 189]. RF has been used along

with the AdaBoost classifier [190, 191] and MRF model [192]. Stone and colleagues

[193] used RF classifiers built upon Advanced Normalization Tools (ANTs). Manjón

and colleagues [194] used an ensemble learning strategy to minimise the classification

error, exploring both bagging and boosting techniques. Hence the RF classifier has

often been used in combination with other classifiers or with additional steps for FP

reduction. Lesion prediction algorithm (LPA) in the Lesion segmentation Tool (LST)

[195], a freely available toolbox from SPM [196], is based on a supervised logistic

regression model with adaptation to fit large-scale regression models. LPA has been

validated and shown to provide good results [197, 198], comparable with those from

BIANCA [53].

Comparative analyses: Other than individual supervised algorithms, a few com-

parative analyses [134, 199, 200, 169] have also been performed. Kloppel and col-

leagues [134] used T1 and FLAIR from 20 subjects with MCI and dementia to compare

Otsu thresholding, SVM and KNN. The features included intensities extracted from

spherical neighbourhood, anatomical position and Gabor filter outputs. SVM pro-

vided the best segmentation, further improved with intensity normalisation. Sweeney

and colleagues [199] used T1, T2 and FLAIR from 98 patients with MS and com-

pared logistic regression, NN, SVM, quadratic discriminant analysis (QDA), linear
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discriminant analysis (LDA), GMM, KNN, RF and superlearner (ensemble of RFs).

They used features based on unnormalised, normalised, smoothed and moments of

intensities. They found that with more processed features (smoothed and moments

of intensities), linear classifiers provided better performance. Similar classifiers such

as Naive Bayes, LDA, QDA, logistic regression, decision trees, RF, KNN , SVM,

Bagging, AdaBoost were compared by Dadar and colleagues [200] on 201 subjects

with Alzheimers disease and MCI. The features were extracted from T1w, T2w, PD,

and FLAIR based on their intensities, probability density functions of intensities from

WMH and non-WMH voxels and their ratios. RF and LDA gave the best performance

amongst nonlinear and linear methods respectively. Rachmadi and colleagues [169]

compared their LOTS-IAM method with LST, SVM, RF and patch-based 2D CNN

methods such as DeepMedic with global spatial information [201], UResNet [202] and

U-Net [58]. Features were extracted from T2 FLAIR from 50 images with AD and

MS, and found that LOTS-IAM outperformed LST [195] and supervised ML methods,

while the DL methods [201, 202, 58] provided the best performance for WMH segmen-

tation. In general, the comparative methods used a consistent preprocessing pipeline:

registration, skull stripping, bias correction and intensity normalisation/scaling. Data

imbalance between the classes (WMH/non-WMH) was handled in [199] by making

features more discriminative, while [134] sampled equal, fixed amount (500 voxels)

of data from both classes, which could at times lead to undersampling. Also, [199]

and [200] determined the effect of feature subsets on the classifier performance, and

found that FLAIR features were the most useful, and extracting neighbourhood in-

formation (intensity and location) improved the performance. The main advantage

of [200] and [169] is that they performed the validation on data from different scan-

ners/sites for improving model generalisability. Additionally, the effect of lesion size

on classifier performance was analysed in [200]. AdaBoost, KNN, SVM and RF were

more accurate on medium/large WMHs, but slightly oversegmented small WMHs.

From our comparison of the performance of exiting methods in table 2.1, it can be

observed that the use of anatomy and appearance based features in addition to inten-

37



sity improved the performance [159, 163, 171, 162, 195]. From the data perspective,

a few methods used only small amount of data for evaluation [150, 174, 55, 56]. Some

methods used data with different pathological conditions or acquired with different

scanners [173, 164, 195, 169, 147, 184, 53], to improve method generalisability, while

others might require extensive validation by retraining or fine-tuning parameters. Re-

garding method availability, only a few methods are available as open source tools

[195, 184, 53], out of which [195] was developed and trained on MS subjects. Out

of supervised methods, most of the methods were based on KNN [180, 56, 55], SVM

[184], RF [190], AB [182, 190] and NN [57]. Especially, RF and SVM performed well

in the comparative analyses [134, 200]. Therefore, we have explored the potential of

RF, SVM, AB and NN in improving BIANCA performance in chapter 4.

Figure 2.1: Automated WMH segmentation methods split-up. (a) Pie-chart of various WMH seg-
mentation approaches discussed in the review (shown in percentages), (b) Bar plot of the reported
supervised classifiers used for WMH segmentation (including comparative analyses).

2.2.2.4 Deep learning for segmentation of WMHs

The conventional ML methods are limited in their ability to process data in their

original form, and often require the estimation of hand-crafted features. Deep learn-

ing (DL), on the other hand, allows computational models of multiple layers to learn

data representations at different layers of abstraction [203]. However, compared to

ML, they require a large amount of training data, which are often difficult to obtain

in medical images, and are computationally intensive. The increase in computational

resources such as GPUs and constant updates in DL concepts by an active computer

38



Method Type1 Alg.2
Population -

study (subjects)

Image
modalities

Dice3 Sens4 Spec5

Wang et al., [149] I,U GMM
Singapore ageing

cohort (272)
T1, T2, FLAIR 0.77 0.81 0.97

Ong et al., [150] IA,U Ad.
mean

HC (19) T1, FLAIR 0.47 0.67 0.40

Sudre et al., [154] IA,U GMM
BrainWeb

(simulated)
T1, T2, PD 0.68A 74.1A -

Jeon et al., [159] IA,U MRF
SVD - AMPETIS

(45)
PD, T2, FLAIR 0.90 - -

Yang et al., [162] IA,U χ2 RF
Dementia - LEILA

(30)
FLAIR 0.81 ROC ROC

Shi et al., [163] IAAp,U Thr
Acute infarction

(91)
DWI, T1,
FLAIR

0.84 0.80 -

Samaille et al., [164] IAAp,U WS
MCI, CADASIL

(67)
T1, FLAIR 0.72 - -

Schmidt et al., [195] IA,U MRF HC, MS (70) T1, FLAIR 0.75 0.80 0.99

Khademi et al., [168] IAAp,U PVA
Subjects with
lesions (24)

FLAIR 0.83 0.82 0.99

Rachmadi et al.,
[169]

IAAp,U LOTS-
IAM

MCI, Alzheimer’s -
ADNI (50)

T2, FLAIR 0.59 - -

Admiraal-Behloul et
al., [171]

IA,U FZ
Vasc. disease -

PROSPER (100)
PD, T2, FLAIR 0.75 - -

Seghier et al., [173] A,U FZ HC, stroke (64) T1 0.64 ROC ROC

Gibson et al., [174] I,U FZ WM disease (18) FLAIR 0.81 - -

Herskovits et al.,
[152]

IA,S BY

Diabetes -
ACCORD-MIND

(42)
T1, T2, FLAIR 0.60 ROC ROC

Yoo et al., [146] I,S Var
thr

Longitudinal/
dementia - Korean

study (32)
FLAIR 0.76 - -

Simões et al., [147] I,S GMM HC, MCI (40) FLAIR 0.68 - -

Anbeek et al., [55] IA,S KNN
Arterial vascular

disease (20)
T1, IR, PD, T2,

FLAIR
0.80 0.97 0.97

de Boer et al., [56] I,S KNN
HC - Rotterdam

scan study(6)
T1, PD, FLAIR 0.72 0.79 -

Steenwijk et al., [180] I,S KNN Hypertension (20) T1, FLAIR 0.84 - -

Dyrby et al., [57] IA,S NN
Elderly subjects -

LADIS (639)
T1, T2, FLAIR 0.56 - -

Beare et al., [182] IAAp,S AB
HC - TASCOG

(232)
T1, T2, FLAIR 0.58 - -

Damangir et al.,
[184]

IA,S SVM

HC, Alzheimer’s,
dementia -

DemWest (102)
T1, FlAIR - 0.90 0.99

Ghafoorian et al.,
[190]

IA,S RF+AB SVD (50) PD, T2, FLAIR - 0.73 -

Griffanti et al., [53] IAAp,S KNN
Neurodegenerative

- OPTIMA (85) Multimodal 0.75 - -

IAAp,S KNN
Vascular -

OXVASC (474) Multimodal 0.52 - -

1 Type: I - intensity, IA - intensity + anatomy, IAAp - intensity + anatomy + appearance, S - supervised, U -
unsupervised.
2 Algorithm used: GMM - Gaussian mixture model, Var thr - variable thresholding, Ad. mean - adaptive trimmed
mean, BY - Bayesian classifier, MRF - Markov random field, χ2 RF - χ2 random field [162], Thr - thresholding,
WS - watershed segmentation, PVA - partial volume averaging, LOTS-IAM - limited one-time sampling
irregularity age map, FZ - fuzzy clustering/inference, KNN - K-nearest neighbour classifier, NN - neural networks,
AB - AdaBoost, SVM - suppport vector machine, RF - random forest.
3,4,5 Dice, sensitivity, specificity: A - average of mild, moderate and severe cases, ROC - only ROC curves shown
without individual Sens and Spec values.

Table 2.1: Comparison of the existing automated WMH segmentation methods (non-DL approaches)
in the literature.
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vision community have made DL a quickly emerging tool over the last few decades.

Techniques such as data augmentation (inflating the amount of training data) [204]

have been used to overcome the shortage of training data, reduce the possibility of

overfitting and improve the accuracy of the DL models. Based on representation

learning, DL architectures are multilayered stacks of non-linear modules that com-

pute input-output mappings during training. One of the most popular feed-forward

DL architectures, the convolutional neural network (CNN), has been widely used for

several tasks in computer vision [205, 206], and has been shown to outperform conven-

tional ML methods [201]. A typical CNN architecture is shown in figure 2.2. CNNs

usually consist of a series of alternating convolutional and pooling layers, followed

by fully connected layers and finally a softmax layer for prediction. The convolu-

tional layer, the main block of CNNs, applies the filters systematically by sliding

them patch-wise along the images to get feature maps. During each application of

the filter, a correlation operation (using dot product) is performed between the filter

and a patch in the input image to obtain the values in the output feature map. The

pooling layer downsamples these output feature maps, while still retaining the useful

information. For instance, maximum pooling retains the maximum values (i.e. the

values indicating the best correlation with the convolutional filter) within a patch of

the output feature map. Pooling the feature maps also reduces number of parameters,

speeds up training and resists overfitting. Activation functions are gating functions

that feeds the output feature maps as inputs to next layers. Activation functions are

generally non-linear and monotonically increasing, that helps in training the CNN to

model complex mappings between the feature maps in different layers. In the fully

connected layers, the features maps are flattened and non-linearly combined to get

meaningful features that are used for classification in the final softmax layer. The

CNN is trained using an optimisation algorithm in an iterative manner. During the

forward-pass, the CNN makes predictions to match the distribution of target variable.

A loss function is an objective function that determines the error (or loss) between

the predicted and target distributions. The optimisation aims to minimise the loss

value by estimating the loss gradient and updating the weights and bias values of
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the layers, based on the gradient. This process of updating the weights is called

back-propagation. For binary classification tasks, the cross-entropy loss function is

most commonly used, while for segmentation tasks, the Dice loss function (using

Dice similarity index) is used to achieve good overall segmentation. This section pro-

vides a review of various CNN models used for WMH segmentation and other similar

pathologies. This review also includes the generic concepts that are relevant to our

work, adopted from other segmentation tasks.

Figure 2.2: A typical CNN architecture for a classification task.

Deep CNN architectures: Ever since AlexNet [207] was successful in the Ima-

geNet challenge, various DL architectures have been increasingly used for different

tasks, leveraging their own advantages. For instance, VGGNets [208] enabled build-

ing deeper models using smaller convolutional kernels. GoogLeNet [209] established

sparse connections between the activations to increase the computational efficiency.

Residual networks (ResNets, [210]) introduced shortcut connections using identity

mapping and gated layers (units that are trained to regulate information flow) as in

Highway networks [211]. They overcame the vanishing gradient problem [212], where

gradients of the loss function approach zero as the network gets deeper, making the

model difficult to train. Hence, ResNets allowed deeper architecture with relatively

less number of parameters. DenseNets [213] connected each layer to every other layer,

thus reusing features and strengthening their propagation. In order to pool the per-

formances of multiple models, ensemble of models were created for various tasks. The
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first ensemble architecture, called Network-in-network (NIN) [214] replaced convolu-

tional block with a multi-layer micro network. The ensemble networks, in general,

perform better than their individual counterparts and avoid over-fitting, a common

problem with complex models. Inception network [209], based on NIN, allowed par-

allel stacking of CNNs with far fewer parameters than AlexNets. The later version,

Inception-V4 [215] combined original Inception architectures with shortcut connec-

tions as in ResNets.

Semantic segmentation of medical images: DL models are being increasingly

used for automated semantic segmentation of images (i.e. associating each voxel of an

image with a class label). This is demonstrated by the results of various challenges,

including the MICCAI WMH segmentation challenge 2017 (MWSC 2017): out of

20 methods competing in the initial call, 14 of them were based on deep learning

[216]. In general, for semantic segmentation, the end-to-end trainable networks such

as encoder-decoder networks [217, 218] (e.g. DeepNAT [219], QuickNAT [220], Led-

Net [221]) and fully convolutional neural networks (FCNs) [222] are the most popular

categories used. In encoder-decoder framework, the encoder takes an image as input

and outputs a feature map. This feature map holds rich information representative of

input images. The decoder takes the feature map and provides the output image close

to the target image. In FCNs, the fully connected layers of CNNs are replaced by con-

volutional layers for upsampling/deconvolving the high-level feature maps to obtain

the final segmentation maps. Encoder-decoder models provide better segmentation

results compared to FCNs [222]. This is because in FCNs the high-level features

are directly projected into image dimensions to get segmentation outputs. On the

other hand, in encoder-decoder model, the decoder is an independent network that is

trained to provide accurate output maps by taking the high-level features (from the

encoder) as input. Even though many models have been implemented in the encoder-

decoder framework [223, 221], perhaps one the most successful ones for medical image

segmentation is U-Net [224] and its modified 3D architectures [225, 226].
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The DL methods used for segmentation of WMHs include various ensemble models

[58, 227, 216], encoder-decoder models, especially U-Nets [58, 216, 202, 228, 229] and

multiscale patch-based models [230, 59, 231]. Table 2.2 compares the performance of

various DL methods proposed in the literature for WMH segmentation.

U-Nets have the encoder-decoder structure with skip connections between the en-

coder and decoder layers at the same levels of abstraction. The encoder arm in the

U-Net captures the fine contextual information through successive convolutional and

pooling operations. The decoder arm uses a series of upsampling/deconvolution layers

to increase the resolution of features. To aid in precise localisation, the high resolution

features from the encoders are combined with the upsampled features (through skip

connections) and go through another convolutional layer in each level of abstraction.

The combination of features and the increased number of feature channels in the de-

coder arm allows the propagation of contextual information in the decoder, resulting

in accurate segmentation. Ensemble models and combination of various networks

have been shown to improve segmentation accuracy. In fact, Li and colleagues [58]

used ensemble of U-Nets for WMH segmentation, and won the MICCAI WMH seg-

mentation challenge 2017 (MWSC 2017) [216]. Guerrero and colleagues [202] used

a combination of U-Net and ResNet architectures for segmentation of WMHs and

stroke lesions.

Utilisation of information at different scales: While 3D models have been

predominantly used for segmentation of larger lesions such as brain tumours

[232, 233, 234], 2D models have been often used for WMH segmentation [58, 216]. Al-

ternatively, 2D/3D patch-based models have also been used successfully [235, 230, 59].

An important point to keep in mind is that, in patch-based methods, smaller patches

lack enough contextual information, while larger patches increase computational load

and reduces localisation accuracy [224]. To overcome this dependency on patch

size, some existing methods have used multiscale approaches [231, 236, 232], adding

location-based information [237] and context-based models (e.g. conditional random
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fields [232]). Ghafoorian and colleagues [230] proposed a novel method involving non-

uniformly sampled patches (sparser sampling towards edges), outperforming multi-

scale approaches. Later, they [59] compared various patch techniques and found that

adding location-based information provided substantial improvement in WMH seg-

mentation. The patch-based methods have achieved the second best performances in

MWSC 2017: 3D multi-dimensional gated recurrent units [238] and FCN trained on

multiscale patches, along with location based features [216].

Methods Datasets1 Network2 Loss
func.3

Dim. Dice
cl.
TPR

F1 Notes4

Li et al., [58] MWSC TS U-Net DSC 2D 0.80 0.84 0.76
EN, DA,

Po

Andermatt et al.,
[238] MWSC TS MDGRU

multinom.
log.

2D 0.78 0.83 0.70 DA, PB

Berseth et al.,
[227] MWSC TS CNN CE loss 2D 0.77 0.73 0.78 EN

Valverde et al.,
[235] MWSC TS CNN CE loss 3D 0.77 0.75 0.71

DA, Po,
Npre

Mehrtash et al.,
[216] MWSC TS U-Net DSC 2D 0.77 0.59 0.70 EN, DA

Luna et al., [216] MWSC TS CNN
Mean Sq.

err.
3D 0.72 0.63 0.68 -

Xu et al., [239] MWSC TS VGG-16
Multinom.

log.
2D 0.73 0.63 0.67 DA

Jin et al., [216] MWSC TS U-Net CE loss 2D 0.68 0.59 0.54 DA, Po

Zeng et al., [240] MWSC TS U-Net CE loss 2D 0.69 0.44 0.57 DA

Mckinley et al.,
[241] MWSC TS DenseNet CE loss 2D 0.63 0.55 0.51 -

Guerrero et al.,
[202]

Mild Isc.
stroke (167)

ResNets in
Unet

BC CE loss 2D 0.69 - - -

Moeskops et al.,
[231]

MRBrainS13
(20) CNN CE loss 2D 0.67 - - PB, MS

Ghafoorian et al.,
[59]

Elder SVD
(50)

LF CNN
IW

CE loss 2D 0.78 - - MS, PB,
LF

1 Datasets: MWSC TS - MICCAI WMH segmentation Challenge test dataset [216], MRBrainS13 -
MRBrainS challenge test dataset [242]

2 Network: MDGRU - multi-dimensional gated recurrent units, LF CNN IW - late fusion of parallel CNNs
with independent weights [59]

3 Loss functions: DSC - Dice loss function, CE loss - cross-entropy loss function, BC CE - bootstrapped
categorical cross-entropy loss function

4 Notes: DA - Data augmentation performed, EN - ensemble network, MS - multiscale network, LF -
location-based features used, PB - patch-based training/testing, Po - postprocessing done, NPre - No
preprocessing

Table 2.2: Comparison of the existing DL methods for WMH segmentation in the literature.

Leveraging salient features for improved segmentation: Since the develop-

ment of CNNs, several techniques have been proposed for understanding and using
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salient (most useful) regions in the features at different layers for improved segmen-

tation. Peng and colleagues [243] proposed global convolution by larger kernels for

localising objects, using contextual information from a wider neighbourhood. Other

common approaches include parallel ‘local’ (using local features) and ‘global’ (us-

ing global contextual features with a wider support/neighbourhood) pathways [233].

Similarly, non-local networks [244] establishing long-range dependencies between con-

secutive frames/slices, therefore obtaining the overall contextual information. Jetley

and colleagues [245] initially proposed end-to-end attention gates for bootstrapping

the performance of CNNs. Attention gates are additional trainable modules that can

be added to a network and propose soft region proposals on the fly. In attention gates,

the low-level features (containing local information) at the initial layers are weighed

using the attention weights determined from coarser or global features. In order to

achieve this, the attention gate module takes the global/coarser feature map, and

combines it (in a multiplicative or additive manner) with the low-level feature map

to provide score/weight map that would enhance the salient regions of features, and

suppress the irrelevant and unhelpful regions. Therefore, as the network trains, the

local features that lead to a better global context are selectively enhanced, and would

eventually highlight salient features corresponding to the object to be segmented.

Kuen and colleagues [246] trained recurrent attention gates for saliency detection in

images. Attention gates have also been used for pancreas segmentation [247] and scan

plane localisation in ultrasound images [248].

Data harmonisation and domain adaptation: Another desired characteristic of

CNN is generalisability across various datasets from different ‘domains’ (e.g. different

scanners), irrespective of the variations in their intensity, resolutions, acquisition and

pathological characteristics. Domain adaptation (DA) addresses the problem where

data are from various domains, with the distributional properties of the data differing

between the domains. Let Ds be the source domain with the learning task Ts and Dt

be the target domain with the task Tt . Domain adaptation methods become necessary

in the case where the domains Ds 6= Dt or tasks Ts 6= Tt differ [249]. In our case, we
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adapt the task Ts = Tt (WMH segmentation) for Ds 6= Dt . The simplest step towards

DA is data augmentation [204], wherein the amount of training data is increased

by adding variations through geometric transformations [250], neural style transfer

[251] and generative adversarial neural networks (GANs) [252, 253, 254, 255]. One-

shot [256, 257] and zero-shot learning [258, 259] have also been proposed to create

descriptive attributes with extremely limited training data. In MWSC 2017, Mehrtash

and Ghafoorian [216] used a two-level approach, by initially identifying the scanner

type, and then training scanner-specific models. Some of the successful methods

proposed for DA includes minimisation of divergence or domain discrepancy measures

[260, 261], using features that could form intermediate representation between the

domains [262, 263], reconstruction methods [264] (e.g. CycleGANs [265]) and transfer

learning [266].

Transductive transfer learning paradigm [266] is the most commonly used DA

technique and transfers the knowledge between source and target domains for a given

task. In transfer learning (TL), the model trained on the source domain data is

fine-tuned using target domain data. Fine-tuning is the process of updating the

weights of selected layers (usually, the ones with high-level features) of a pretrained

network using the data from target domain, while fixing or freezing the remaining

layers. Usually a smaller learning rate is used for fine-tuning, and the number of

layers to be fine-tuned usually depends on the size of the target dataset and the

similarity in their distribution to that of the source dataset [262]. Fine-tuning has

been shown to improve the performance [267] and performs better with increasing

similarity between features [262, 268]. TL has been widely used for medical image

segmentation [269, 270, 267], including lesion segmentation [271]. While the main aim

of TL is to maximise the model performance in the target domain, the training on

different domains occurs separately and does not enable us to mix data from different

domains and relies on having a reasonable amount of target training data [267].

Domain adversarial training [272, 273], on the other hand, simultaneously trains

the source and target domain data, and has been shown to perform well even with
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limited target training data. A specific instance, domain adversarial training of neu-

ral networks (DANNs) [272] learns the domain invariant features using two parallel

predictors: (1) a label predictor that predicts class labels and (2) a domain predictor

that discriminates between domains, simultaneously optimising features and weights.

The adversarial training at the domain predictor using a gradient-reversal layer en-

ables the model to predict the class labels successfully, while minimising the shift

between the domains. Originally, the label predictor in DANNs does not require

manual segmentations from the target dataset (e.g. haemorrhage segmentation task

in [274]). Later, semi-supervised extensions of DANNs were used, where the model

used a small fraction of labelled target training data for label prediction. Various

Siamese architectures [275, 276, 277] have also been developed for effective domain

transfer. A supervised Siamese architecture using classification and contrastive se-

mantic alignment (CCSA) loss [277] was proposed for effective domain transfer. The

semantic alignment loss minimised the distance between the same class samples from

different domains, while the separation loss maximised the distance between differ-

ent class samples between domains. Another update of adversarial training involves

optimisation for domain invariance with respect to both data and tasks [273], and

could be trained both in either unsupervised or semi-supervised manner. The model

uses a label distribution matching loss to transfer information between the tasks, and

a domain confusion loss for adaptation between different domain datasets.

From table 2.2, most of the existing DL methods for WMH segmentation are

based on U-Nets [58, 216, 240, 202] and use cross-entropy (CE) loss [227, 235, 216,

240, 241, 202, 231, 59], while the best performing method uses Dice loss (DSC) [58].

Except a few methods [235, 216], almost all methods use 2D models, some of them

in ensemble architecture [278, 227, 216] and in multiscale patch-based networks [238,

231, 59]. Hence, it could be inferred from the literature that 2D ensemble, multiscale

models based on U-Nets using CE and DSC loss have provided good results for WMH

segmentation.
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In chapter 5, we have proposed a DL model for WMH segmentation using an en-

semble U-Net architecture and have explored various domain adaptations techniques

such as TL and DANNs for different datasets.

2.2.2.5 Manual segmentation in automated methods

Different methods with varying degrees of accuracy have been used for manual seg-

mentation. Other than being hand drawn [55, 171, 33, 183], manual segmentations

have also been generated using various semi-automated methods including region

growing [279, 165] and random walker algorithms [187] using manually selected seed

points. Also, there could be uncertainties in manual segmentations due to the lack of

consensus regarding the pathological criteria (e.g. ventricle lining as a part of WMHs),

artefacts (e.g. noise, motion artefacts), limitation of methods (e.g. over-segmentation

in low contrast areas) and so on. Hence, it is crucial to understand that, even though

manual segmentations are used as a ‘gold standard’, they are not perfect. Therefore,

any result with respect to manual segmentation has to be handled and interpreted

carefully. In order to overcome this limitation, some methods have also used visual

rating scales for performance evaluation [34, 153]. Although they are still subject to

intra- and inter-rater variability, they do not rely on voxel-level accuracy. Another

way of evaluating segmentation results is to use external standards, i.e. variables that

are known to be related to the lesion load such as age [53, 280, 281].

2.2.3 WMH segmentation on big datasets

Quantifying WMHs in big datasets enables clinical and demographic correlates of

WMHs to be obtained for large populations. In earlier studies such as the Rot-

terdam study and the LADIS study, semi-quantitative ratings involving visual rat-

ing [89] and lesion volumes calculated from the manual segmentation were used for

population-level analysis. Some of the automated methods specified in section 2.2.2.3

were applied in the prominent large population studies as follows: multispectral image

processing tool, MXMxxxVI [282] in the Lothian birth cohort study [84], ANN [283]

in the AGES-Reykjavik study [85] and BIANCA in the OXVASC study [86, 92] and
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the UK Biobank study [87, 284]. Alternatively semi-automated methods were also

used in large datasets: software package AMIRA 3.1.1 (Mercury Computer System

Inc.) in the INVADE II study [88]. Hence, the use of automated and semi-automated

methods have led to the more efficient and accurate identification and characterisa-

tion of WMHs in large datasets. Therefore, after our initial evaluations on multiple

datasets, we will finally apply our methods on large datasets such as the UK Biobank

and OXVASC.

2.3 CMB detection

2.3.1 Detection of CMBs on individual subjects

Compared to WMHs, work done on CMB detection is much sparser. In most of the

population-level studies, CMBs have been detected and rated manually for study-

ing their clinical associations [107]. This section provides a review of the existing

semi-automated and automated methods for CMB detection, including deep learning

methods, to the best of our knowledge. As specified in chapter 1, a detailed account of

the criteria for CMB detection has been provided by Greenberg and colleagues [27].

While SWI is the most commonly used modality for CMB detection [285], among

T2*-weighted image modalities, accelerated 3D T2*-weighted GRE images depict

more CMBs than conventional 2D T2*-weighted GRE images [286].

For CMB detection, in general, the methods follow a common pattern with two

steps: CMB candidate detection and post-processing for removal of FPs. The first

step generally achieves high sensitivity, while the second step is more challenging and

leads to improvement in the precision.

2.3.1.1 Semi-automated methods for CMB detection

In the semi-automated methods for CMB detection, manual intervention has often

been used in the cleaning-up step for reducing FPs [287, 288, 289, 290]. Occasion-

ally, candidate detection [291] and ground truth verification [292, 293] in the rating

procedure also involves manual intervention.
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Manual CMB detection: De Bresser and colleagues [291] identified minimum

intensity projection (MIP) processing conditions to detect more CMBs with a limited

number of slices on 7T images. On the MIP processed images, CMBs were then

manually detected and rated based on the MARS scale [73].

Manual FP reduction: Seghier and colleagues [287] developed a semi-automated

tool ‘Microbleed detection using automated segmentation’ (MIDAS). Their tool spa-

tially normalises GRE T2*-weighted images, and identifies CMBs as an extra tissue

class for abnormal voxels within a unified segmentation-normalisation model. In the

final FP reduction step, image artefacts were excluded manually. After manual re-

duction of FPs, the method showed good agreement when validated with the MARS

visual rating system. Supervised classification algorithms such as SVM [288] and RF

[289] based on intensity and shape based features have also been used for candidate

detection, and were followed by manually removal of FPs. In [289], a user-guided

interface was added to review and revise classified candidates, with a reported addi-

tional time of 13 min for 80 subjects for manual revising step alone. Exploiting the

circular shape of CMBs, fast radial symmetry transform (FRST) have been used for

candidate detection [292, 290], while the FPs are further reduced by manual inspec-

tion [292] or in a rule-based manner (depending on the CMB size) [290]. In [290],

additional processing steps such as application of vessel exclusion mask and 3D re-

gion growing were performed before manual inspection. They managed to reduce

manual intervention time to almost half of the time reported in [289] while achieving

comparable sensitivity.

Manual revision for ground truth improvement: Kuijf and colleagues [293]

extended their earlier work [292] by using 3D FRST to adapt to the spherical na-

ture of CMBs. Both these methods involved a manual intervention step, where the

raters (who were not involved in the original visual rating) revised the visual rating

and number of CMBs which were missing in the ground truth. Hence, their semi-

automated method rather optimised and assisted human rating using their computer-
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aided pipeline. The required human rater time for visual revision of the results was

about 1-2 min per subject on average.

Even though the manual revising step removes FP candidates effectively, it typi-

cally takes at least a few minutes per subject [289, 293, 290] and it is not an efficient

solution for CMB detection in very large datasets. Hence, end-to-end automated

methods are more useful for big data applications.

2.3.1.2 Automated CMB detection

In automated methods, most of the candidate detection steps use hand-crafted shape

[294, 295], intensity [296] and geometric features [295] with supervised classifier frame-

work [295, 296, 297, 298].

Shape: Bian and colleagues [294] applied a 2D radial symmetry transform on the

MIP of SWI images from 10 subjects with gliomas and used shape-based features for

reducing FPs. They achieved a sensitivity of 86% (263 detected out of 304 CMBs)

with 45 FPs per subject. Fazlollahi and colleagues [295] used shape descriptors to

train a cascade of RFs. They reported a sensitivity of 92% with 17 FPs per subject

on SWI from 40 subjects (7 with Alzheimer’s disease, 9 with cognitive impairment

and 25 HC). In their later work [296], they used a multiscale Laplacian of Gaussian

(LoG) filter for candidate detection. In the second stage, they extracted a set of 3D

Radon transform and Hessian-based shape descriptors for training a 3-layer cascade

of RF models. The consecutive independent RF classifiers in the cascade with low to

high posterior probability thresholds progressively ruled out obvious FP candidates,

and handled any imbalance in the CMB and non-CMB classes. Manual labelling

consisted of ‘definite’ and ‘possible’ CMBs, and the method achieved a sensitivity of

93% and 10 FPs per subject in the definite set. Even though this method detects

quite small CMBs (0.93 mm), the presence of small vessels resulted in the detection

of FPs.

Intensity and geometry: Ghafaryasl and colleagues [298] used more comprehensive

features that integrated the geometry, intensity, scale and local image structures for
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CMB candidate detection. For the following FP removal stage, in addition to above

features, they used proton density (PD) values, since CMBs are not visible on PD-

weighted images, as opposed to the blood vessels. On comparing various classifiers

for both stages, they obtained the best performance at the first stage with a Parzen

classifier [299], and QDA classifier at the second stage. They achieved an overall

sensitivity of 91% with a relatively low FP count of 4.1 per subject.

Hierarchical feature extraction: Dou and colleagues [297] developed a 3-step

approach to reduce FPs: candidate screening based on intensity values, compact 3D

hierarchical feature extraction and FP removal with an SVM classifier. The feature

extraction step used a stacked convolutional independent subspace analysis network,

which is an unsupervised learning algorithm that extracts invariant features for object

detection by exploring the underlying subspace structure of the data. They reported

a low FP count of 8 per subject, for a sensitivity of 90%.

Hence, using structural (e.g. intensity and shape) and anatomical information in

combination with the local characteristics (e.g. local contrast) could aid in reduction

of FPs and more accurate detection of CMBs.

Deep learning for CMB detection

Conventional ML methods require the extraction of meaningful features capa-

ble of distinguishing CMBs from the background and mimics. However, due to the

small size, variation in shape and intensities of CMBs on SWI images, designing ro-

bust, descriptive and cost effective features is highly challenging. The use of CNNs

could overcome this challenge and provide more efficient CMB detection. This sec-

tion provides an overview of DL models used for CMB detection and other generic

DL models/concepts used for detecting small objects with similar characteristics to

CMBs.

Similar to [297], Chen and colleagues [300] proposed a novel framework consisting

of three steps: CMB candidate localisation, feature representation and classification.

Firstly, they thresholded the images to get the initial candidates with high sensitivity.
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Secondly, they used a CNN for extracting hierarchical 3D feature representation. In

the final step, they trained an SVM classifier. Their method achieved a sensitivity of

89% with 6 FPs per subject.

Dou and colleagues [301] developed a 2-step cascaded framework for CMB can-

didate detection and later their discrimination from mimics. They initially trained

a 3D CNN with positive CMB samples (patches containing CMBs) and randomly

selected negative samples, and applied the initial model on the training set. The

FP patches obtained from the above step were then provided as additional negative

samples for fine-tuning the discrimination capability of the network, by enlarging the

training dataset. During the testing phase, the fully connected layers of the model

were converted into convolutional layers, and the model was applied on the whole

volumes. On an SWI dataset of 320 subjects, their method achieved a sensitivity of

93.2% with 2.7 FPs per subject. Later, Chen and colleagues [302] proposed a model

based on deep ResNets on SWI images and reported a sensitivity of 95% with 11 FPs

per subject. In a recent work, Liu and colleagues [278] proposed a 2-stage detection

method, that used 3D FRST in the CMB candidate detection stage. For the FP

reduction stage, the method used deep ResNets on both SWI and high-pass filtered

phase images. They also additionally used morphological operations as such dilation

and erosion as post-processing steps to achieve a sensitivity of 96% with a very low

FP count of 1.8 per subject.

For the identification of small objects and fine-grained localisation, networks such

region-based CNN models (R-CNN) [303, 304, 305, 306, 307], dilated convolutional

networks [308, 309] and probabilitistic learning [310] have been widely used. Most of

these networks operate on multiscale patches [311, 310, 217, 312] or derive features

at different scales [313, 303, 314] to avoid loss of finer details. An earlier multiscale

approach [313] used a CNN model to extract features from multiscale regions cen-

tred on each voxel. Motivated by this approach, R-CNN models [303] used a region

based recognition [315, 316] framework by applying bottom-up region proposals for
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localising and segmenting the objects. The object detection happened in 3 steps: re-

gion proposal, feature extraction and classification. Initially, Girshick and colleagues

[303] used a selective search algorithm to propose the candidate regions at multiple

scales, that were then fed into a CNN for feature extraction. The regions were finally

classified based on the extracted features using an SVM classifier. In addition to

detecting the objects, the SVM classifier also predicts the four values corresponding

to the bounding box coordinates of the proposed candidate regions. The framework

provided accurate object localisation, but only a specific number of regions could be

proposed, making the selective search algorithm for region proposal inefficient. In

their later work [304], they overcame this problem by using a CNN on the whole im-

age to generate a feature map. They then selected the regions from the feature map,

followed by an ROI Pooling layer that would enable feeding the proposed regions into

fully connected layers for prediction. The faster version of R-CNN, faster R-CNN

[305] completely eliminated selective search and uses CNN for both region proposal

and classification. Mask R-CNN [307] extended faster R-CNN by adding a parallel

network for detecting a more precise object segmentation. A regression model, you

only look once (YOLO) [317], separated images into bounding boxes and predicted

the probabilities within each bounding box. They later combined the predictions at

the image-level using another network, forming an end-to-end trainable framework.

In general, for classification problems, CNNs reduce the feature dimensions using

pooling layers until they get compact at the fully connected level. However, this

results in the loss of spatial acuity and might not be useful for detecting details in

the image. Hence, dilated convolutions [308] (where the filters are dilated) were used

to increase the resolution of the feature maps for the prediction of smaller details.

Dilated convolutions increase the size of filter kernels by introducing spaces (specified

by dilation rate) between the kernel elements. Hence the dilated convolution enables

us to increase/widen the receptive field without adding additional parameters. Di-

lated convolutions were combined at multiple scales for better detection [309]. He and

colleagues [310] proposed a multiscale approach wherein the features were extracted

at multiple scales and combined using a probabilistic framework. Another multiscale
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approach [311] used an attention model to softly weight features at different scales

and predicted the final probability map as the weighted sum of all the scales. Sev-

eral networks have used features at different scales: starting from lower scale and

‘zooming-out’ to capture their representation at the image-level [314], forming hyper-

columns at each voxel as the vector of activations of all CNN units related to that

voxel [312].

To summarise, CNN models with location-based information [301] and anatomical

information (information regarding small vessels, shape of CMBs) [278] with a good

post-processing [278, 298] have provided better segmentation results. In general,

multiscale patches/features based networks [305, 311, 313, 308, 314] have provided

accurate detection of finer objects, and hence could be adopted for CMB detection

due to the similarity of their characteristics.

In chapter 6, we have proposed a 3D multiscale patch-based object-level CMB de-

tection with 3-steps that are widely used in the literature: CMB candidate screening,

candidate discrimination and postprocessing for FP reduction.
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Chapter 3

Modelling the distribution of white
matter hyperintensities due to
ageing on MRI images using
Bayesian inference

In this chapter, we propose a probabilistic approach to model the population-level

parametric lesion probability map in order to investigate the relationship between the

distribution of WMHs and various parametric factors.

In section 3.2, we explain our proposed method for modelling the distribution

of WMHs within a population, and report the optimisation parameters. We initially

evaluated our model on a simulated dataset and compared it to existing methods. The

simulation details and analyses are specified in section 3.3 and the results are reported

in section 3.5.1. We then validated our model on two real datasets as explained in

section 3.4. The results of our experiments on real data are reported in section 3.5.2.

We have provided the discussion of our results on simulations and real data, our main

conclusion and potential future avenues for this work in section 3.6.

The preliminary results of this work were presented at the 2017 OHBM conference

(Sundaresan et al., OHBM 2017) and the final results of this work are published in

Sundaresan et al., 2019 [78].
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3.1 Introduction

As mentioned in chapter 1, WMHs are strongly associated with cerebrovascular dis-

ease and vascular risk factors [318], frequently found in neurodegenerative diseases

such as vascular dementia [319, 95, 320, 82] and Alzheimer’s disease [95, 319]. While

the occurrence of WMHs is common in the ageing population, clear relationships

between the amount and distribution of WMHs and cognition, demographics and

vascular risk factors are not yet well understood.

Even though several visual rating scales for WMHs are available and commonly

used [44, 89], determining the voxel-wise distribution of WMHs at the population-level

is important in order to investigate the relationship between the spatial distribution of

lesions and various parametric factors such as age, vascular risk factors and cognitive

function (e.g. measured with the Montreal Cognitive Assessment (MoCA) score). In

a population-level parametric lesion probability map, the value at each voxel reflects

the probability of finding a lesion in a specific population for a parametric factor of

interest. Therefore, modelling population-level parametric lesion probability maps

would aid in studying differences in lesion distribution between normal and patholog-

ical ageing [47, 46] and be useful in the clinical context of the studied population.

We have provided an account of existing literature on population-level voxel-wise

lesion probability maps in chapter 2. Several methods have been proposed, ranging

from the simplest method involving averaging subject-level lesion probability maps

[50] to the more complex Bayesian Spatial Generalised Linear Mixed Model (BS-

GLMM) proposed by [127]. The averaging method does not provide spatially contin-

uous population-level lesion maps since it does not consider the neighbouring voxels.

BSGLMM, based on spatially varying coefficients, improves the local spatial relation-

ship and provides a more spatially continuous model. However, it is computationally

intensive and requires the use of graphical processing units (GPUs).

Our proposed method is computationally lean, and uses a spline representation to

ensure continuity and smoothness between neighbouring voxels in both spatial and
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parametric dimensions. In our model, the lesion distribution at each voxel is obtained

by the linear combination of all the splines at the neighbouring voxels. Moreover, our

model adopts a Bayesian framework in order to overcome the discretely sampled

nature of the input binary maps obtained from lesion segmentation. Our approach

for modelling the spatial distribution of lesions is suitable for very large imaging

datasets such as UK Biobank [284] and allows the flexibility of observing the effect

of various parametric factors on the lesion distribution. In fact, we used a subsample

of the UK Biobank data for the initial evaluation of our method. In this evaluation,

we tested the relationship between WMHs and age comparing subjects with and

without hypertension. We chose hypertension as our grouping variable, since it has

been found to be one of the important risk factors of WMHs [321, 322] in addition

to age. Also in this case we compared our results against the existing methods. Our

next validation was on the second dataset, a clinical population (vascular population

of subjects who had a transient ischemic attack or minor stroke) from the Oxford

Vascular Study (OXVASC) [323], and analysed the results with respect to age. We

chose age as our factor of interest since a strong relationship between WMHs and age

has already been established [54]. Moreover, in order to validate the fact that our

model could work with any factor, we modelled the voxel-wise distribution of lesions

with respect to cognitive function measured by MoCA scores. Finally, we evaluated

the robustness of our method with respect to the initialisation for optimisation and

the initial thresholds used for obtaining binary maps.

3.2 Modelling the distribution of WMHs using

Bayesian inference

Our proposed Bayesian spline model takes as input the binary lesion map and the age

(or other parametric factor of interest) for each individual subject. We modelled the

distribution of lesions in three steps: 1) constructing a representation for the lesion

probability distribution using by spline basis functions, 2) formulation of the posterior
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lesion probability; and 3) maximisation of the posterior probability by constrained

optimisation.

Let Ds be the 3D binary lesion map of individual subject S. Our aim was to

form a 4D spatio-temporal parametric lesion probability map with the 4th dimension

indicating the parametric factor of interest.

3.2.1 Constructing a representation for the lesion probability
distribution using spline basis functions

Since the binary lesion maps contain localised areas, the lesion voxels are sparse and

have discrete values (0 or 1). Therefore, to ensure spatial and temporal continuity in

the probability distribution of lesions, we approximated the lesion probabilities using

cubic b-splines.

Consider cubic b-splines with spline coefficients Ci and basis functions Bij, where

i denotes the indices of knot points of the basis functions and j = (x, y, z, t) indicate

the spatial coordinates in the first 3 dimensions and the parametric factor in the 4th

dimension. The lesion probability θj at each voxel is related to Ci and Bij by,

θj =
∑
i

CiBij = CTB (3.1)

The probability value at each voxel is calculated as the linear combination of spline

basis functions. We formulated the splines as a separable outer product of individual

1D splines in 4 dimensions (3 in space and one in the parametric dimension). To

implement the above calculation, we generated 1-dimensional cubic b-splines and

convolved the binary map with scaled 1D b-splines independently in all 4 dimensions

to get spatially continuous lesion probabilities θ as shown in figure 3.1. This operation

is more computationally efficient than off-the-shelf spline fitting toolboxes and is well

suited to large datasets.

It is worth noting that after each convolution edge artefacts occurred due to

convolution with the tails of the splines and zero padding. In order to get the corrected

convolution output fnorm, we divided the convolution output fin with a normalising
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Figure 3.1: Spline modelling with cubic b-splines. (a) Average of binary lesion maps that are grouped
according to a parametric factor, (b) Cubic b-spline used for modelling, (c) Spatially continuous
lesion probability map obtained as a result of spline fitting. The convolution of (b) with (a) is done
in all 4 dimensions independently to get (c).

.

image (formed by convolving the same b-splines B with an unity image u(x), where

u(x) = 1 inside the valid FOV - brain voxels - and u(x) = 0 outside, thus forming a

similar pattern at the edges) as shown in eqn. 3.2.

fnorm(x0) =

∑
x fin(x).B(x0 − x)∑
x u(x).B(x0 − x)

(3.2)

3.2.2 Formulation of the posterior lesion probability

The most common lesion probability estimation method is averaging lesion maps

across subjects. However, the accuracy of this approach is sensitive to the amount of

data, especially considering the fact that there might not be any subject representing

specific age groups or a few subjects might not have any WMHs. Bayesian methods

are well suited to this problem since they allow for the uncertainty associated with

the limited amount of data, while the spline model ensures continuity between the

neighbouring voxels.

As we considered age as our parametric factor, the 4th dimension, t, of our data

indicates the bin number corresponding to the age groups. We formed these bins t

by grouping the subjects into age groups aget (e.g., age1 = (21, 23], age2 = (23, 25],

etc.). The age groups can be defined to have a duration as short as we require (even

in months) and hence binning the ages does not necessarily restrict the values to be
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Figure 3.2: A sample of data accumulation shown for a single age group. (a) The map indicating
the number of subjects having lesions (Rj) for a specific age group age5 = (29, 31]. (b) Gradient
magnitude of the log-probability distribution obtained by Eqn. 3.16

overly discretised in the parametric dimension. Let R (shown in figure. 3.2(a)) be the

4D spatio-temporal volume formed by summing the binary lesion maps DSj of the

subjects S in each age group aget. The value at each voxel Rj = R(x, y, z, t) denotes

the number of subjects having lesions at that voxel in the age group aget. Let N be

a 4D volume in which the value at each voxel Nj = N(x, y, z, t) denotes the number

of subjects in each age group aget. R and N are formed by,

Rj =
∑
S∈T

DSj, where T = {S | age of S ∈ aget} (3.3)

Nj = # subjects in aget (3.4)

For an age group aget, Rj indicates number of observations of binary data (lesion

occurrence) in the subjects belonging to this age group aget, with the total number of

subjects in aget given by Nj. Thus the probability of observing Rj number of binary

outputs given Nj and probability of lesion occurrence θj for an age group aget is given

by the binomial likelihood distribution,

p(Rj | Nj, θj) = NjCRj
θ
Rj

j (1− θj)(Nj−Rj) (3.5)
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where NjCRj
=

Nj !

Rj !(Nj−Rj)!
. We assume independence between age groups and

voxel locations for the further simplification of our model. Hence, the full likelihood

distribution for all age groups and at all voxel locations is given by the product of

individual likelihoods,

p(R | N, θ) =
∏
j

p(Rj | Nj, θj) (3.6)

=
∏
j

(NjCRj
θ
Rj

j (1− θj)(Nj−Rj)) (3.7)

Using Bayes theorem, the posterior lesion probability distribution p(θ | N,R) is given

by,

p(θ | N,R) ∝ p(R | N, θ) p(θ | N) (3.8)

= α p(R | N, θ) p(θ | N) (3.9)

In order to avoid any spatial bias, we assumed that the prior probability of lesion

occurrence is the same for any point in space and time. Hence with uniform prior

p(θ) = 1,

p(θ | N,R) = α p(R | N, θ) (3.10)

= α
∏
j

(NjCRj
θ
Rj

j (1− θj)(Nj−Rj)) (3.11)

Our aim was to maximise p(θ | N,R) to obtain a parametric model of the lesion

probability distribution over a population. To make the calculation of derivatives

simpler, we determined the log-posterior function since the logarithm is a monotoni-

cally increasing function. Log-posterior L(θ | N,R) is given by,

L(θ | N,R) = log(p(θ | N,R)) (3.12)

= log(α
∏
j

(NjCRj
θ
Rj

j (1− θj)(Nj−Rj))) (3.13)

= log(α) +
∑
j

log(NjCRj
) +

∑
j

Rj log(θj) +
∑
j

(Nj −Rj) log(1− θj)

(3.14)
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Since the lesion probability values θ have been approximated with spline basis func-

tions as explained in the section above, we substituted the values of θ from the eqn. 3.1

in the above log-posterior equation,

L(θ | N,R) = log(α) +
∑
j

log(NjCRj
) +

∑
j

Rj log(
∑
i

CiBij)

+
∑
j

(Nj −Rj) log(1−
∑
i

CiBij)
(3.15)

The derivative of L(θ|N,R) with respect to the spline coefficients Ck is given by,

∂(L(θ | N,R))

∂Ck
=
∑
j

(
RjBkj∑
iCiBij

)
+
∑
j

(
(Nj −Rj)Bkj∑

iCiBij − 1

)
(3.16)

Note that the derivative function requires more spline modelling steps (basically, each

summation requires a 4D spline approximation), however, performing 1D convolutions

independently in 4 dimensions considerably reduces the running time.

3.2.3 Maximisation of the posterior probability by con-
strained optimisation

In order to estimate the final lesion probability θi, we need to determine the spline

coefficient values that would maximise the log-posterior. Also, by maintaining the

value of Ci within the range [0,1] the final θi values will be constrained to the range

[0,1]. Hence, to determine the value of Ci corresponding to the maximum posterior

estimate, we formulated it as a constrained local optimisation problem as specified

below:

argmin
C

− L(θ | N,R)

Subject to 0 ≤ Ci ≤ 1∑
i

Ci = 1

(3.17)

We used the steepest gradient descent algorithm, which is a first order optimisation

algorithm that uses an iterative polynomial line search method. The step size γ for

each iteration is determined by a polynomial line search method satisfying Armijo -

Wolfe conditions [324]. In our case, the function to be minimised is −L(θ | N,R).

63



For L : Rn → R, the step size for each iteration follows the following condition:

min
C

−L(θk + γqk) (3.18)

where, θk is the current guess, qk indicates the search direction and γ is the step size.

Moreover, in order to speed up the convergence, we redefined Ci using a normalising

function (with parameter λi ∈ (−∞,+∞)) in order to maintain the range of Ci within

[0,1] and relax the optimisation constraints as given by,

argmin
λ

− L(θ | N,R)

Subject to −∞ < λi <∞∑
i

Ci = 1

(3.19)

where Ci = (1 + tanh(λi))/2 so that Ci ∈ [0, 1] when λi ∈ (−∞,+∞). Using the

chain rule, the derivative of L(θ|N,R) (eqn(3.16)) can be modified as

∂(L(θ | N,R))

∂λ
=
∂(L(θ | N,R))

∂Ck

∂Ck
∂λk

(3.20)

=

[( ∑
j Rj∑

iCiBij

)
Bkj +

(∑
j(Nj −Rj)∑
iCiBij − 1

)
Bkj

]
sech2(λi)

2
(3.21)

We performed a step of spline modelling (given by eqn. 3.1) on the optimal Ci that

maximises the log-posterior −L(θ | N,R) to get the final estimated parametric lesion

probability map θ̂. We determined the average of lesion binary maps of subjects

within the age group aget to get the age group-wise average 4D lesion map Average =∑
j(Rj/Nj). We provided smoothed Average as the initial estimate for Ci during

optimisation.

Figure 3.3 illustrates the initial and final values of Ci and λi involved in the op-

timisation step for two different age groups (taken from different age bins of the

4D spatio-temporal map). The initial θ values (fig. 3.3(d)) and the final θ̂ values

(fig. 3.3(e)) are shown with their difference (fig. 3.3(f)). The results show little dif-

ference between the initial θ values and final θ̂ values for the younger age group (≤

0.005 in fig. 3.3(f, bottom row)) and a higher difference (≈ 0.01 in fig. 3.3(f, top row))
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in the elder age group. This could be attributed to the difference in the amount of

lesion voxels between the age groups.

3.2.4 Optimisation parameters for convergence

Implementation of steepest gradient descent optimisation algorithm was done in

MATLAB [325]. We found the following parameters optimal for convergence by

trial-and-error method during preliminary testing. We specified the initial step-size

γ to be 1 × 10−3, while step sizes for the subsequent iterations were determined by

the polynomial line search algorithm, for which lower and upper bounds were set to

0.1× initial γ and 0.5× initial γ respectively. We specified the maximum number of

iterations as 50 empirically, setting more number of iterations than needed, allowing

for convergence of difficult cases (convergence curves for a few sample cases shown

in appendix E.1). The main parameter for determining γ for each iteration is the

2-norm ‖G ‖ of the 4D gradient matrix G (calculated from eqn. 3.20). We set the

final convergence tolerance value for the decrease in ‖G ‖ as 1× 10−4 (since gradient

of the function must be zero at the function minimum).

3.3 Simulations

In order to evaluate the accuracy of our model, we initially tested it on a simulated

dataset. For this experiment, we compared the ground truth distribution (θtrue) with

the probability distribution (θ̂) estimated by our algorithm and compared it with

other methods.

We simulated volumes of size 91 × 109 × 91 arranged in 6 months age bins to

form 60 age groups, thus creating a simulated set of subject images with dimensions

91 × 109 × 91 × 60. For this simulation, we assigned a random number of subjects

with a maximum number of subjects NS in each age group Nsim ∈ [1, NS]. We chose

the value of NS as 50 for our experiments, since this yielded the total number of

subjects comparable with those used for real data experiments. For each subject,

we generated a lesion map by randomly sampling voxels within a specified ROI (in
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Figure 3.3: An instance of initial and final values in the optimisation step. The instances relate to
two different age groups (younger age group in top rows). All the images are shown at slice z = 45.
(a) Average of lesions across the age group (Rj/Nj). (b) Initial C values obtained by smoothing

Rj/Nj , (c) Final C values after convergence, (d) θ values from initial C values, (e) θ̂ values estimated

from final C values after convergence. (f) Difference between initial θ values and final θ̂ values. Note
that in the younger age group there is not much difference (second row from top) in θ before (d) and
after (e) convergence, since the neighbouring voxels are mostly non-lesions in the young population,

whereas θ̂ values are larger and differ more in the bottom row between (d) and (e) as shown in (f)
in older population.
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Figure 3.4: An instance of simulated lesion data (shown at slice z = 45 and age bin number
t = 20). (a) Addition of random noise to µ indicating randomly sampled voxels, (b) lesion voxels
after smoothing (a) with K, (c) K ∗µ, (d) Sum of binary lesion maps (Rsim) in a specific age group,
(e) Simulated θtrue image

our case, the MNI brain mask). For sampling, we used the smoothed average of

lesion probability maps from a previous study (vascular cohort in [53]) as the ground

truth probabilities to obtain a realistic WMH spatial distribution. The probability

of sampling each lesion voxel in the data is initially represented by a random normal

variable N(µ(x), 1). In order to avoid isolated lesion voxels and to establish spatial

dependencies between the neighbouring voxels (so that sampled voxels would look like

plausible lesions), we smoothed the sampled lesion voxels using a Gaussian kernel K

with a standard deviation of 0.8. Since voxels of µ(x) could be negative when the

ground truth probabilities were low, we obtained binary lesion maps by thresholding

the smoothed lesion map K ∗N(µ(x), 1) above 0. As a result of convolution with K,

the ground truth distribution at voxel x is now represented by N(K ∗ µ,K2 ∗M),

where M is a binary brain mask. We obtained the true lesion probability for the

simulation, θtrue, by calculating the cumulative distribution function of the normal

variate z = K ∗ µ/
√
K2 ∗M or more specifically, p(z > 0).

Applying our algorithm, for each age group, we accumulated the sum of binary
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volumes as Rsim and applied our algorithm to Rsim and Nsim to model the distribution

of lesions over the simulated population, to get θ̂ (algorithm output). An instance of

data obtained from the simulation is shown in figure 3.4.

3.3.1 Effect of b-spline knot spacing

As a part of our simulation experiments, we studied the effect of the knot spacing on

the final lesion probabilities. We analysed how it relates to the smoothness of kernel

K used for the generation of the simulation data, by varying them independently and

evaluated their combined effect on the algorithm result θ̂.

3.3.2 Comparison with existing alternative methods

We applied our algorithm to the simulated data and compared its performance with

respect to some alternative methods with different levels of complexity. The sim-

plest method for estimating the lesion probability with respect to age groups is to

determine the group-level average of lesion probability maps as done in [50]. We per-

formed the similar average on binary lesion maps and calculated Average = Rt/Nt

for each age group aget. However, the resulting lesion probability map Average is

sensitive to the number of subjects in each age bin aget and does not provide a contin-

uous/generalised estimate of lesion distribution. Hence another option is to smooth

the average lesion distribution map Average, using a Gaussian kernel with different

standard deviations σ (0.5, 1.5 and 3.0) to get a more spatio-temporally continuous

lesion probability map Smoothed Average(σ). We also applied the Bayesian Spatial

Generalised Linear Mixed Model (BSGLMM) based on spatially varying coefficients

proposed by [127]. We evaluated the performance of the above methods by deter-

mining the error values (difference between the ground truth probabilities and the

outputs of the above methods) and the corresponding mean-squared error (MSE)

values.
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3.4 Application to real data

We applied our algorithm to a subset of subjects from the UK Biobank data and

compared the lesion distribution between subjects with and without hypertension

using the methods that provided better MSE values than those reported in the liter-

ature, as determined from tests on the simulated dataset. We further validated our

observations by applying our method on a clinical dataset (OXVASC) consisting of

a vascular population of subjects who had experienced a transient ischemic attack or

minor stroke.

3.4.1 Evaluation on the UK Biobank dataset

Modelling the distribution of WMHs with respect to age and hypertension

The dataset used for initial validation is a subset of UK Biobank data [284]. In the

UK Biobank data, about 10% of the sample has been identified as being diagnosed

with hypertension, corresponding to around 7,975 subjects. Our goal was to model

the lesion distribution with respect to age, comparing the subjects diagnosed with

hypertension (HT group) to subjects without hypertension, where the latter act as a

control group (non-HT group). In this case, to reduce the amount of computation,

we selected a balanced subset of randomly sampled 1000 subjects, 500 subjects from

the HT group (age range 45.5 - 78.3, mean age 66.3 ± 6.1 years, with female to male

ratio, F:M = 202:298), while the remaining were from the non-HT group (age range

45.5 - 78.4, mean age 62.0 ± 7.6 years, with female to male ratio, F:M = 257:243).

For more details on UK Biobank dataset and MRI parameters, refer to appendix A.

For these subjects, binary masks were generated using BIANCA [53] with informa-

tion from FLAIR and T1-weighted images [87], to be used as input for our algorithm.

The subject-level lesion probability maps obtained were binarised after thresholding

at 0.8. We then registered the single subject binary lesion maps to the MNI space

using linear and non-linear registrations, re-thresholding them at 0.5 and binarised

them to compensate for interpolation. We then applied our algorithm to the two

groups separately and compared the results with those from other methods. When
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applying our method, we arranged the subjects in each group into one year age bins

to form a 4D image of dimension 91 × 109 × 91 × 33. We compared the two groups

using an unpaired t-test using permutation testing (randomise, [326]) to analyse the

significance of the difference in the lesion probability values between HT and non-HT

groups, and calculated the corresponding z-scores. Results were considered significant

for pcorr < 0.05, corrected for multiple comparisons by using the null distribution of

the max (across the image) voxelwise test statistic. For BSGLMM, the t-values were

obtained by dividing the posterior mean by posterior standard deviation [127].

3.4.2 Evaluation on the OXVASC dataset

3.4.2.1 Modelling the distribution of WMHs with respect to age

We validated our algorithm on a clinical dataset of subjects at risk of vascular cogni-

tive impairment. The dataset consists of MRI data from 474 consecutive eligible par-

ticipants from OXVASC, who had recently experienced a minor non-disabling stroke

or transient ischemic attack (TIA) (age range 20 - 102 years, mean age 67.4 ± 14.3

years, with female to male ratio, F:M = 240:234). For more details on the OXVASC

dataset and MRI parameters, refer to appendix A. Similar to the UK Biobank dataset,

we obtained the lesion binary masks using BIANCA and registered the single-subject

masks to the MNI space. We grouped the data in the age bins of 3 years to form a

4D image of dimensions 91×109×91×27 and applied our model. We also performed

permutation-based statistical analysis (corrected for multiple comparisons) to test the

statistical significance of the effect of age on the lesion probabilities. For this analysis,

in each iteration, we permuted the data with respect to the age groups and applied

our model on the permuted data to generate results for that permutation, that were

then used to assess statistical significance, with correction for multiple comparisons

(using the maximum statistic across space).

3.4.2.2 Modelling the distribution of WMHs with respect to MoCA score

In addition to age, we modelled the distribution of WMHs on the OXVASC dataset

considering MoCA score as the parametric factor of interest. In fact, apart from age,
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cognitive impairment is another factor that has been widely associated with WMHs.

In particular, it has been shown that MoCA score is correlated with the presence

of WMHs in frontal periventricular areas [92]. Out of the initial 474 subjects, we

considered the 411 subjects for which the MoCA score was available (MoCA scores

range 12 - 30, mean MoCA score = 26.17 ± 3.54). We grouped the subjects having

MoCA scores lower than 20 (N = 22) in a single bin and grouped the rest of the

subjects in MoCA score bins of 1 to form a 4D image of dimensions 91 × 109 × 91

× 12 and applied our model.

3.4.3 Effect of initial values on our algorithm

3.4.3.1 Effect of initialisation on algorithm convergence

In order to test the robustness of our method, we evaluated the convergence of our

algorithm by providing different starting points (initialisations) on the OXVASC

dataset. Since the scope of our Bayesian modelling method is its application to WMHs

of presumed vascular origin, we used the smoothed Ri/Ni map as our initialisation.

Hence, as sensible options for different initialisations, we introduced perturbations in

the Ri, smooth the ratio Ri/Ni and provide them as initialisation.

For providing different initialisations, we modified each voxel of the Ri map by

sampling a value randomly within a specific percentage of the existing voxel value.

For example, for a perturbation of 10% in a voxel which has an initial Ri value of

20, a value was chosen randomly in the interval [18, 22]. For this experiment, we

considered three percentages of perturbation: 10%, 30% and 50%.

3.4.3.2 Effect of initial subject-level thresholds on our algorithm results

We also evaluated the sensitivity of our Bayesian modelling method with respect to

the thresholds applied on the subject-level lesion probability maps obtained from

BIANCA. To this aim, we used the 474 subjects from the OXVASC dataset. The

subject-level lesion probability maps were obtained using BIANCA with the modal-

ities and parameters specified in [53]. As shown in the supplementary figure S4 (F)

of [53], threshold values of 0.85 to 0.95 gave reasonably good similarity indices (Dice
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index) during BIANCA optimisation. The threshold value of 0.9 gave the maximum

Dice index and hence was used for obtaining the binary lesion maps in [53] and in

our work. We have now used the values 0.85 and 0.95 for the test.

3.5 Results

3.5.1 Results on the simulated data

3.5.1.1 Effect of b-spline knot spacing

Figure 3.5: Comparison of error maps for various values of knot spacing in our Bayesian spline
method θ̂ and standard deviation (sigma) values for smoothing kernel in simulation ground truth
θtrue. Within the table, the top row shows error maps and mean-squared error (MSE) values, when

θtrue, generated using a smaller symmetric kernel (sigma = 0.8) is compared against θ̂ modelled
with smaller and larger b-spline knot spacing of 2 and 6 voxels respectively. Similarly, the bottom
row shows error maps and MSE values for comparison of smoothing kernel K with larger symmetric
kernel (sigma = 1.5) in θtrue against θ̂ with two different b-spline knot spacings.
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Figure 3.5 shows the effect of change in spline knot spacing and in the standard

deviation of kernel K used in the ground truth estimation independently on the

error values on the simulated data. For this experiment we used knot spacings of 2

and 6 voxels in our algorithm, while in ground truth generation we used a Gaussian

smoothing kernel K with standard deviation values of 0.8 and 1.5. The additional

results for intermediate values (3, 4 and 5 voxels) are shown in appendix E.2. As we

can observe from figure 3.5, the error image corresponding to the smaller knot spacing

has lower MSE values of 7.27× 10−5 and 4.83× 10−4 for both the standard deviation

values used in the smoothing kernel, and the MSE values increases for increase in the

knot spacing. With the small knot spacing the splines are still able to model a smooth

function with lower computational complexity, and gave lower error value for both

the cases. On the other hand, the splines with larger knot spacing performed much

worse with respect to smoother ground truth distribution (generated using standard

deviation of 1.5) with the highest MSE of 1.00×10−3. Also, with a large knot spacing

there is a limitation to how well it can model less smooth functions. Hence, the MSE

values are higher for the larger knot spacing for any given smoothness of ground

truth distribution. Overall, we observed that the cubic b-splines with the smaller

knot spacing of 2 voxels provided the best result on the simulated data and hence we

used the same specifications henceforth on the simulated and real data experiments.

3.5.1.2 Comparison with the existing alternative methods

Figure 3.6 shows the error values of the outputs of the different methods with respect

to ground truth, while table 3.1 reports the corresponding MSE values and running

time. For the Smoothed Average(σ) method, we tried various values of standard

deviations σ for the Gaussian kernel and have shown the results for the three σ

values that provided minimum MSE values for this simulated dataset.

On a simulated dataset consisting of 698 subjects, we obtained an MSE value of

7.27 × 10−5 for our Bayesian spline method, while BSGLMM method gave a lower

MSE value of 5.22×10−5 with ≈ 15 times slower running time. Average is the fastest

(with < 1 second running time) but gives twice as much as error (18.790× 10−5) as
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Figure 3.6: Comparison of simulation analysis results using different methods. The results are
shown at slice z = 45 and age bin number t = 33. Ground truth distribution θtrue shown along
with the outputs of various methods θ̂ (a - f) and the corresponding error maps immediately un-
derneath the probability maps. The outputs are shown for our Bayesian spline method (a), BS-
GLMM (b), Average (c), Smoothed Average(σ = 0.5) (d), Smoothed Average(σ = 1.5) (e) and
Smoothed Average(σ = 3) (f).

our method. [127] reported an MSE value of 12× 10−5 on simulated data consisting

of 100 randomly sampled subjects. From table 3.1, we can observe that only Average

and Smoothed Average(σ = 3) give MSE values greater than 12 × 10−5 (reported

in [127]). Moreover, both MSE values and running times increases as the standard
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Method MSE values Running time / Processor specs

Our Bayesian spline method 7.27× 10−5
< 20 mins (84 secs per iteration) /
iMac CPU with 2.9 GHz Intel Core i5
processor

BSGLMM [127] 5.22× 10−5 ≈ 293 mins / NVIDIA Tesla K80
GPU with 12GB

Average 18.79× 10−5 < 1 sec / iMac CPU with 2.9 GHz
Intel Core i5 processor

Smoothed Average(σ = 0.5) 3.86× 10−5 ≈ 8 secs / iMac CPU with 2.9 GHz
Intel Core i5 processor

Smoothed Average(σ = 1.5) 8.56× 10−5 ≈ 11 secs / iMac CPU with 2.9 GHz
Intel Core i5 processor

Smoothed Average(σ = 3) 33.71× 10−5 ≈ 17 secs / iMac CPU with 2.9 GHz
Intel Core i5 processor

Table 3.1: Comparison of MSE values and running time of different methods on simulation data.

deviation σ of the smoothing kernel increases due to increase in the kernel size.

Figure 3.7: Lesion probability values plotted versus age. The plot of lesion probability values shown
for (a) anterior and (b) posterior voxels. The red dot on the ground truth images indicate the voxel
locations corresponding to the plots.
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Figure 3.7 shows the lesion probability with respect to age at two representative

voxels (one more anterior and one more posterior) for the tested methods. The

curves obtained from Average and Smoothed Average(σ = 0.5) are very close to

the ground truth, but they show spikes due to their dependence on the number and

WMH characteristics of the specific subjects in each group. Smoothed Average(σ =

1.5) and our method give curves that capture the true trend quite well. BSGLMM

posterior probabilities tend to increase monotonically with age throughout the white

matter irrespective of the location of the lesions.

3.5.2 Results on the real data

3.5.2.1 Evaluation on the UK Biobank dataset

We show the results of our algorithm on the UK Biobank dataset to estimate the lesion

distribution probabilities with respect to age within the HT and non-HT subjects in

figure 3.8.
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Figure 3.8: Results on the UK Biobank data. Output of our Bayesian spline method on HT group
(a) and non-HT group (b) shown along with their difference maps (c). First column shows the age
group t = 20 (aget = 64.4 - 65.4 years) and second column shows t = 33 (aget = 77.4 - 78.4 years).
All the results have been shown at the slice z = 45 (MNI template on the left)
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The lesion probabilities increase with age for both groups and are higher in the HT

group (≈ 0.4 as shown in fig. 3.8(c)) than the non-HT group. We can observe that

this difference is higher in the older age groups (≈ 0.3 between the columns in row (c))

compared with the younger group. So not only is there a strong relationship between

lesion probabilities and hypertension, but also this relationship is more pronounced

as the population gets older.

In figures 3.9 and 3.10, we show the results of our algorithm compared with

the posterior probabilities obtained from the BSGLMM method and the outputs of

smoothed average maps (Smoothed Average(σ = 0.5), Smoothed Average(σ = 1.5))

respectively. We chose to compare the above methods with our Bayesian spline algo-

rithm since these methods gave MSE values less than 12×10−5 [127] on the simulated

data (table 3.1). We observed that the lesion probabilities in the periventricular re-

gions increase with age for both HT and non-HT groups, while the probabilities in the

deep regions increase only in the HT group (between the first two rows in (a) in fig. 3.9

and 3.10). The bottom rows of figures 3.9 and 3.10 show the z-scores for significant

regions (pcorr < 0.05), obtained from a statistical test to determine the significance of

differences between the HT and non-HT groups. We observed increased lesion proba-

bilities in the HT group compared with non-HT group, especially in the deep regions.

This effect is particularly strong in our method and Smoothed Average(σ = 1.5)

when compared with BSGLMM and Smoothed Average(σ = 0.5) (fig. 3.9 and 3.10

(bottom row)).

3.5.2.2 Evaluation on the OXVASC dataset

Figure 3.11 (top row) shows the estimated lesion probabilities from our Bayesian spline

method on the OXVASC dataset for two representative age groups. Similar to our

results on the UK Biobank data, it can be observed that the overall lesion probability

values are higher in the older age group compared to the younger age group (≈

0.2, between the second and third columns). On performing the permutation test,

we observed that periventricular voxels change significantly with age (p < 0.05) as

shown in figure 3.11 (bottom row).
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Figure 3.11: Results on the OXVASC data. (Top row) From left to right: MNI brain, lesion
probability distribution at bin numbers t = 3 (aget = 29 - 31 years) and t = 13 (aget = 59 - 61
years). The results are shown at slice z = 45. (Bottom row) Results of permutation analysis. From
left to right: voxels that change significantly (p < 0.05) with age (red) shown on slices z = 39, 45
and 49.

Figure 3.12: Population-level lesion probability map with respect to MoCA scores on the OXVASC
data. The result of our Bayesian modelling method is shown for three representative cases: (a)
MoCA score < 20 (severe cognitive impairment), (b) MoCA score = 25 (mild cognitive impairment)
and (c) MoCA score = 30 (cognitively healthy). The MNI template is shown on the left and all the
results have been shown at the slice z = 45.

Figure 3.12 shows the resulting population-level parametric lesion probability map

obtained from our Bayesian modelling algorithm on the OXVASC data for three
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Figure 3.13: Plot of WMH probability values versus MoCA scores. The plot shows lesion probability
values for a frontal periventricular voxel (indicated by the red dot in the image on the left).

MoCA scores: MoCA score < 20 (severe cognitive impairment), MoCA score = 25

(mild cognitive impairment) and MoCA score = 30 (cognitively healthy subject). We

observed that the population-level WMH probability values decrease with increase in

the MoCA scores. This trend can also be observed in the plot of lesion probability

values shown for a frontal periventricular voxel in figure 3.13. This lower probability

of finding WMHs in cognitively healthy subjects compared with the subjects having

cognitive impairment is in line with the literature [92].

3.5.2.3 Evaluation of effect of initial values on our algorithm

Figure 3.14 shows the results of our Bayesian modelling method with different ini-

tialisations based on different percentages of perturbations. The figure shows the

difference maps obtained by comparing the algorithm results obtained for different

initialisations with the result for the original/unperturbed initialisation. From the

figure, we can observe that for initialisations obtained by perturbing the Ri by 10%

and 30%, the results of our Bayesian modelling method show very small differences

with respect to our results obtained from the unperturbed Ri. The corresponding dif-

ference maps show negligible mean square difference (MSD) values of 4.43×10−6 and
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Figure 3.14: Results for different initialisations with various levels of perturbations. The second to
fourth rows correspond to the results for different initialisations obtained by introducing 10%, 30%
and 50% perturbation in the group-wise average 4D map Ri (top row, column a). (a) group-wise
average 4D map Ri, (b) result of our Bayesian modelling method and (c) difference maps with
respect to the result of initialisation from unperturbed Ri (top row, column b).

8.92× 10−6 (with respect to the unperturbed case) for the perturbations of 10% and

30% respectively. Here, we use the term difference rather than error since we com-

pare two different cases of algorithm results rather than with respect to the ground
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truth. For comparison, these values are lower than the MSE value of 7.7× 10−5 that

we obtained in our simulation analysis for our method with respect to the ground

truth distribution. The difference maps corresponding to the case of 50% perturbed

initialisation gives an MSD value of 1.19 × 10−5 (which is quite close to the MSE

values obtained in our simulation analysis).

These additional results show that our method is quite stable and converging

on very similar results as shown numerically and visually (in figure 3.14). For robust

results, up to 30% perturbations can be tolerated by the method, since the magnitude

of the difference (from the unperturbed case) is smaller than the errors obtained in

our simulation data.

Figure 3.15 shows the results of the Bayesian modelling method when our subject-

level lesion probability maps were thresholded at 0.85 and 0.95, compared with those

obtained at the threshold of 0.9. From the figure, we can observe that both the MSD

values of 1.3×10−4 and 1.5×10−4 are higher than the MSE value of 7.7×10−5 obtained

in our simulation analysis. This is due to the fact that changing the threshold value

from 0.9 to 0.85 or from 0.9 to 0.95 results in the increase or decrease in lesion volumes

(by ≈ 300 and 400 mm3 per subject respectively) from the volumes obtained at the

optimal threshold (0.9) on the binary lesion maps provided as input to our algorithm.

However, the overall relationship of the lesion distribution probabilities with re-

spect to age remains same (i.e. lesion distribution probability values increase with

age) for all the thresholds as shown in figure 3.16.

3.6 Discussion and conclusion

In this work we compared several methods including our proposed Bayesian spline

method to model the distribution of WMHs with respect to a parametric factor within

different populations. For the experiments in this chapter, we considered age as our

parameter of interest, but the framework is general and can work with any continuous

parameter. As an example, we modelled the distribution of WMHs with respect to

MoCA scores on the OXVASC data.
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Figure 3.15: Results of the Bayesian modelling method when subject-level lesion binary maps are
obtained using different thresholds. The rows correspond to the results for individual binary maps
obtained using thresholds 0.9 (top row), 0.85 and 0.95 (middle and bottom row, respectively). (a)
group-wise average 4D map Ri, (b) result of our Bayesian modelling method and (c) difference maps
with respect to the result of binary maps obtained using the threshold of 0.9 (top row, column b).

During the development, we analysed the effect of various parameters of our algo-

rithm on the resulting lesion probabilities. One of the most important parameters in

the algorithm is the knot spacing in the spline model. We studied its effect and how

it relates to the size of smoothing kernel K used for the generation of the simulation

data by varying them independently and evaluated their combined effect on the algo-

rithm result θ̂. The best results were obtained for the knot spacing of 2 voxels with

MSE of 7.270 × 10−5. We also evaluated the effect of the initialisation provided for

85



Figure 3.16: Lesion probability values plotted versus age for various thresholds. The plot of lesion
probability values shown for (a) an anterior and (b) a posterior voxel. The red dots on the population-
level lesion probability map indicate the voxel locations corresponding to the plots.

the optimisation function and observed that the algorithm converges quicker when

we provide the smoothed average lesion map as the initial value for λi, whereas it

fails to converge when a zero image or unity image is provided as initialisation for λi.

Also, our algorithm converges to a similar output when the average lesion maps are

smoothed with kernels of similar standard deviation. We additionally verified on the

OXVASC data that our algorithm is robust with respect to changes in the initiali-

sations due to various levels of random perturbations (up to 30%) in the group-wise

average 4D map Ri.

When comparing the results of different methods on the simulated dataset, we

found that the MSE values are lower than that reported in [127] for most of the

methods, except Average and Smoothed Average(σ = 3.0). We obtained the high-
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est MSE value and highest speed for the simplest method Average. However, this

also gave a resulting image that was not as spatially continuous as the other meth-

ods. Moreover, the accuracy of Average (as well as of its Gaussian smoothed results

Smoothed Average(σ)) depends on the number of subjects in the age groups. While

they provide reliable estimates in larger populations, their estimates are not so ac-

curate when there are fewer subjects or when the lesion load is lower, since the

data becomes sparse. Also, in the case of smoothed Smoothed Average(σ) method,

determining the optimum value of standard deviation σ for the Gaussian kernel is

dependent on the dataset and the lesion characteristics. However, the smoothed

Smoothed Average(σ) outputs provide good initial estimates for our method and

lead to better convergence, as we discussed above. We observed that, while results

of both the Bayesian spline method and BSGLMM show relatively similar MSE val-

ues, the spline modelling in our algorithm is spatially more robust when compared to

BSGLMM method. For instance, from figure 3.7, while lesion probabilities obtained

from BSGLMM method fit well in periventricular areas, they do not fit the ground

truth distribution as well in deep areas (figure 3.7). Another important advantage of

our method is that it is much faster than BSGLMM (table 3.1) and can easily scale

up to very large numbers of subjects. Our modelling algorithm takes less than 20

minutes (84 seconds per iteration), when run on an iMac with 2.9 GHz Intel Core

i5 processor, irrespective of the number of subjects in the dataset. The main reason

for the faster run time is that from the point R and N images are formed, number

of subjects in the dataset becomes irrelevant. From then on, the amount of data

depends on the spatial resolution and number of parameter bins. Since the time

taken for forming R and N is relatively trivial, the run time is mostly taken by the

optimisation steps. Another reason is that we independently perform the convolution

in all 4 dimensions with a 1D spline, which reduces the computational load. Also, by

calculating the analytical gradient (Eqn. 3.16) we avoid the numerical computation

of gradient for 4D data in the optimisation step. Even though the maximum number

of iterations allowed for the optimisation step is 50, our algorithm typically converges

earlier (10 iterations on simulated data and < 20 on real data). On the other hand,
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the BSGLMM algorithm is computationally demanding since it has to estimate the

posterior distribution via Markov Chain Monte Carlo model using Gibbs sampler at

each voxel [127].

Our results on the real data (the UK Biobank and OXVASC datasets) show that

the lesion distribution probabilities are higher in older ages, which is in line with

the existing literature [54, 87]). Moreover, the fact that we observed an increase in

lesion probabilities in the deep regions in the HT group with respect to the non-HT

group for all the methods (fig. 3.9 and 3.10), suggests that deep WMHs (DWMHs)

might be associated with hypertension. The same phenomenon has also been re-

ported in [50]. We further verified it with statistical tests and observed higher value

of z-scores with greater significance (p < 0.05), particularly in the deep regions be-

tween the HT and non-HT groups. Though this is generally observable in all the

methods, it is more evident for our Bayesian spline method and smoothed average

map Smoothed Average(σ = 1.5) i.e. the deep regions are affected significantly in

the HT group compared with the non-HT group for these two methods.

The results on the UK Biobank data are similar to those on the simulated data

when comparing the Bayesian spline method with BSGLMM and Smoothed Average.

Smoothed Average(σ = 0.5), did not yield a smooth lesion distribution and had iso-

lated voxels in the lesion probability maps. Since this method gave lower MSE on

simulated data with respect to our method, and in the absence of ground truth, we

cannot exclude the possibility that spline interpolation in our method induces spurious

smoothness that is not inherent to the data. However, the simulation results also sug-

gest that Smoothed Average(σ = 0.5) method produces less smooth data because it

is affected by the sparsity of the observed data and hence is dependent on data/lesion

characteristics. Also, results of the statistical test using Smoothed Average(σ = 0.5)

show only a few isolated voxels that are significantly different between the HT group

and the non-HT group, while the relationship between WMHs and blood pressure

is well known [321, 50] and detected quite strongly by the other methods (including

ours), that produce a smoother lesion distributions.
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The significant increase in periventricular WMHs (PWMHs) is consistent between

the two datasets, showing that our model is robust across datasets. We also verified

that this trend of change in lesion probabilities with age remains the same irrespective

of the initial thresholds used for obtaining subject-level lesion binary maps. As future

work, the Bayesian spline method could be used to model the voxel-wise relationship

between the distribution of WMHs and other population-level parametric factors that

can be useful in the clinical context of the studied population. Another interesting

future direction could be to extend the scope of our method in modelling the dis-

tribution of other types of lesions (e.g. Multiple sclerosis) and test the robustness

of the spline method in modelling lesions that have a different spatial pattern from

WMHs. In addition, the lesion probability distribution map obtained from our model

can be used either as an additional feature or as a spatial prior to improve lesion

segmentation algorithms, as described in chapter 4 and [327].

3.7 Summary

1. We propose a Bayesian inference based approach to model the voxel-wise distri-

bution of WMHs within a population with respect to a parametric factor (e.g.

age, cognitive function).

2. On a simulated data, our method provides an MSE value of 7.27 × 10−5. This

is comparable with existing methods, with the advantage of being computation-

ally lean and providing spatially continuous population-level parametric lesion

probability maps.

3. On evaluating our model on real datasets (the UK Biobank and OXVASC

datasets), we observed that WMH distribution probabilities increases with

age, especially in the periventricular region. Additionally, in the UK Biobank

dataset, we observed the increase in DWMH probabilities with hypertension.
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4. Our method is robust to the changes in initialisations (up to 30% of random per-

turbations). Also, the lesion probabilities remain consistent with initial thresh-

olds used for obtaining the subject-level binary lesion maps.
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Chapter 4

Improving the segmentation of
white matter hyperintensities using
BIANCA

The work described in this chapter aims to improve BIANCA [53] to overcome

population- and subject-level variabilities in the lesion characteristics.

Section 4.2 describes the datasets used for our experiments, preprocessing pipeline

and BIANCA options used for each dataset. Sections 4.3, 4.4 and 4.5 illustrate our

experiments on three steps of BIANCA: feature extraction, classification and thresh-

olding respectively. In particular, for the thresholding step, we propose the estimation

of locally adaptive thresholds to automatically determine thresholds for different re-

gions of the brain. Sections 4.7.1 and 4.7.2 report the results at the feature extraction

step. Section 4.7.3 provides the results of the experiments in the classification step,

while section 4.7.4 describes the results at the thresholding step using LOCATE.

Section 4.8 contains the discussion on our results, conclusions and possible future

directions for this work.

The preliminary results of this work were presented at the 2018 OHBM conference

(Sundaresan et al., OHBM 2018) and the final results of this work are published in

Sundaresan et al., 2019 [79].
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4.1 Introduction

Accurate automated detection of WMHs is very challenging due to the high variability

of their characteristics both between- and within- subjects. For example, at the

population-level, the amount and distribution of WMHs have been associated with

various factors such as cognition, vascular risk factors and neurodegenerative diseases

[318, 95]. WMHs also occur more commonly in older age [54, 328]. At the subject-

level, generally WMHs exhibit spatial heterogeneity and do not appear with the

same contrast in all regions of the brain on structural MR images [329]. For example,

typically, PWMHs are brighter on T2-weighted, FLAIR or proton density images and

bigger compared to DWMHs [30], and hence can be detected more easily.

The variability in lesion characteristics can affect the performance of supervised

lesion segmentation methods at different stages. The estimation of the probability for

each voxel to be a lesion (lesion probability map) is affected by population-level factors

(such as age, cognition, vascular risk factors and pathological conditions) [50, 92] and

lesion load [57, 55]. Once an individual subject’s lesion probability map is generated,

the choice of the threshold used to obtain a binary map is affected by lesion load and

the variation in local intensities. In fact, heterogeneity in signal intensity affects lesion

probability values determined by segmentation algorithms [56, 55, 57], since brighter

lesions (e.g. PWMHs) are typically assigned higher probabilities than those with lower

contrast (e.g. DWMHs). This causes difficulty in determining the optimal threshold

for obtaining the final binary lesion map. In fact, applying a global threshold (i.e. the

same threshold to all the voxels of the lesion probability map) typically results either

in the exclusion of deep lesions or overestimation of periventricular lesions. This often

results in a trade-off between sensitivity and specificity of lesion detection [55]. An

alternative proposed by [330] consists of determining thresholds based on Fazekas

score or by visual inspection of individual subjects. However, these thresholds would

also be global and determining them would require manual intervention.
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We aim to improve our existing lesion segmentation with BIANCA by systemati-

cally exploring ways of improving various steps of the lesion probability map estima-

tion, and also by developing a method for thresholding that takes into account the

spatial variability of the lesion probability map. Figure 4.1 shows the block diagram

describing the strategies explored for improving BIANCA performance.

Figure 4.1: Block diagram showing the strategies explored for improving BIANCA performance.
The red highlighted blocks indicate the steps we focused on in this work.

The first strategy consists of the inclusion of population-level WMH probabilities

with respect to a demographic factor (in our case age) at the feature extraction step.

In chapter 3, we modelled the spatial distribution of WMHs within a population

with respect to age to obtain a population-level parametric lesion probability map

(PPLPM). Here we used it as either a spatial prior or an additional feature in the

WMH segmentation to explore the improvement in the results. The second strategy

we tested is the use of non-linear registration for spatial feature extraction instead of

the linear registration currently used in BIANCA.

At the classification step, we explored the performance of alternative machine

learning methods as the third strategy. We have provided a detailed account of other

supervised classifiers used in the existing literature in chapter 2. In particular, neural

networks [57], support vector machines and adaboost classifiers [34] have been already
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used for WMH segmentation, while random forests have been used for the segmen-

tation of various structures and pathological signs that have similar characteristics

to WMHs on structural MR images [331, 332, 333]. Therefore, in the classification

step of BIANCA, we explored these above four supervised classifiers and compared

their segmentation results with those obtained from the existing K-nearest neighbour

(KNN) classification algorithm in BIANCA.

Our fourth strategy aims to improve the thresholding stage. We propose LOCally

Adaptive Thresholds Estimation (LOCATE), a supervised method to determine op-

timal local thresholds for binarising the subject-level lesion probability map, taking

into account the spatial heterogeneity in lesion probabilities. In this work, we present

LOCATE with specific applicability to BIANCA, however, in principle it can be ap-

plied to the lesion probability maps obtained from a different method, provided the

availability of training data with manual lesion masks. We evaluated LOCATE on

various clinical datasets to observe the performance of LOCATE on data acquired

under different protocols, from subjects with different lesion loads, distributions and

patterns.

4.2 Dataset details and preprocessing

4.2.1 Datasets

In this work we used five datasets to study the effect of variations in lesion charac-

teristics on the WMH segmentation. The datasets are diverse in terms of acquisition,

population and WMH load and characteristics. A brief overview of the datasets are

provided below. For more details regarding MRI acquisition parameters, refer to

appendix A.

1. Neurodegenerative cohort (NDGEN): The dataset includes MRI data

from 9 subjects with probable Alzheimer’s Disease, 5 with amnestic mild cog-

nitive impairment and 7 cognitively healthy control subjects recruited from the

Oxford Project to Investigate Memory and Ageing (OPTIMA) study and from
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the Memory Assessment Clinic at the John Radcliffe Hospital in Oxford [334].

Age range 63 - 86 years, mean age 77.1 ± 5.8 years, median age 77 years, F:M =

10:11. The total brain volume range: 1189282 - 1614799 mm3, median: 1424669

mm3. Manual segmentations are available with the WMH load range: 1878 -

89259 mm3, median: 20772 mm3.

2. Vascular cohort - Oxford Vascular Study (OXVASC): The dataset con-

sists of 18 participants in the OXVASC study [323], who had recently experi-

enced a minor non-disabling stroke or transient ischemic attack. Age range 50

- 91 years, mean age 73.27 ± 12.32 years, median age 75.5 years, F:M = 7:11.

The total brain volume: brain volume range: 1290926 - 1918604 mm3, median:

1568233 mm3. Manual segmentations are available with WMH load range: 3530

- 83391 mm3, median: 16906 mm3.

3. Cerebral autosomal dominant arteriopathy with subcortical infarcts

and leukoencephalopathy (CADASIL) cohort: The dataset consists of 15

patients with CADASIL (age range 33 - 70 years, mean age 53.73 ± 11.31 years,

median age 55.5 years, F:M = 11:4. The total brain volume range: 1226777 -

1603417 mm3, median: 1396526 mm3. Manual segmentations are unavailable

for this dataset. However, in order to obtain binary lesion mask from the

lesion probability map from BIANCA, a lower threshold of 0.2 was empirically

chosen (based on visual inspection of the lesion probability map) by an expert

neurologist as the optimal global threshold for this specific dataset.

4. Healthy controls (HC): This dataset consists of 19 healthy controls, age-

matched with the CADASIL dataset subjects with age range 29 - 70 years,

mean age 54.58 ± 11.25 years, median age 57 years, F:M = 6:13. The total

brain volume range: 1313929 - 1679837 mm3, median: 1446443 mm3. Manual

segmentations are not available for this dataset.

5. MICCAI WMH segmentation challenge Dataset (MWSC): The dataset

consists of 60 subjects from three different sources (20 subjects each) provided
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as training sets for the challenge (http://wmh.isi.uu.nl/): UMC Utrecht,

NUHS Singapore and VU Amsterdam. The brain volumes are 1257820 - 1844920

mm3 (median 1473389 mm3) for UMC Utrecht, 1147248 - 1532268 mm3 (me-

dian: 1351325 mm3) for NUHS Singapore and 1219614 - 1787321 mm3 (median:

1441201 mm3) for VU Amsterdam. Manual segmentations are available for all

three datasets, with an additional exclusion label provided for other pathologies.

In the challenge, the masks with exclusion labels were ignored during perfor-

mance evaluation. However, we included these masks as parts of non-lesion

tissue, during the calculation of the performance metrics, for a more stringent

evaluation in the presence of other pathologies. The WMH volume ranges (ex-

cluding other pathologies) are 845 - 74991 mm3 (median: 26240 mm3) for UMC

Utrecht, 786 - 61332 mm3 (median: 17795 mm3) for NUHS Singapore and 1522

- 43528 mm3 (median: 6015 mm3) for VU Amsterdam. For more details re-

garding MRI acquisition parameters and the image dimension details, refer to

http://wmh.isi.uu.nl/. Also, in the challenge the performance metrics were

calculated on independent unseen test datasets. Since we did not participate in

the challenge, we used publicly available training datasets for evaluation, using

leave-one-out cross validation. Therefore, our results are not directly compara-

ble with those published after the outcome of the challenge.

4.2.2 Image preprocessing

We skull stripped the images (used for intensity features) using FSL BET [335],

followed by bias field correction using FSL FAST [336]. Diffusion-weighted images

in OXVASC, CADASIL and HC datasets were preprocessed as described in [86] to

extract mean diffusivity (MD) map, used as an additional intensity feature. We

registered the image modalities to the base modality (in our case, FLAIR for all

datasets) using linear rigid-body registration with FSL FLIRT [337].
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4.2.3 BIANCA features and training options

Currently, the default options in BIANCA are: spatial weighting (sw) = 1, no patch,

subjects included in the training set = any WMH load training subjects, location

of training points = any location for non-WMH training points, number of training

points = Fixed + equal with 2000 training points. For more details regarding the

BIANCA options, refer to [53].

For NDGEN, we used FLAIR + T1 as features. Other than the default options,

we used the following non-default options: location of training points = no border,

number of training points = Fixed + unbalanced with 2000 lesion points and 10,000

non-lesion points. The ‘no border’ option and fixed + unbalanced lesion and non-

lesion points have been shown to provide the best results during initial validation of

BIANCA [53] and also in our initial tests on the same data. Also, we found that

2000/10,000 lesion and non-lesion points combination provided the best results. For

OXVASC we used FLAIR + T1 + MD as features. The non-default options used

were: sw = 2, 3D patch with patch size of 3. Due to the anisotropic nature of

voxels, additional intensity features obtained by averaging over a smaller 3D patch

provided better results during the initial tests [53]. For CADASIL and HC, we used

the same features and BIANCA options used for OXVASC except spatial weighting.

We excluded spatial features by setting sw = 0 for these two datasets, since their lesion

pattern does not follow those of other datasets (especially in the anterior temporal

lobes, which is typical of the CADASIL subjects). For MWSC dataset, we trained

BIANCA separately on the three datasets (UMC Utrecht, NUHS Singapore and VU

Amsterdam), using the same features and BIANCA options used for NDGEN.

4.3 Feature extraction

4.3.1 Use of population-level parametric lesion probability
map (PPLPM)

Population-level parametric lesion probability maps (PPLPMs) describe the pattern

of WMH distribution with respect to a specific parametric factor. Therefore, they
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could provide useful additional information to improve WMH segmentation. For our

experiments in this work, we considered age as our parametric factor of interest, since

the relationship has been established between age and WMH distribution [54, 328]. In

chapter 3, we modelled the PPLPM with respect to age within a population consisting

of 474 subjects from the OXVASC dataset. We used the modelled PPLPM here in

BIANCA in two ways: either as an additional feature to the KNN classifier, or post-

multiplying the PPLPM with the subject’s lesion probability map that is obtained

using BIANCA with existing features.

For the first experiment, we implemented the PPLPM in BIANCA as follows:

(1) we included the PPLPM (a 4D volume in the MNI space with the 4th dimension

representing different age groups) as an additional input, (2) we included age as

an extra input in BIANCA and used it to select the appropriate 3D map from the

PPLPM corresponding to the specific age group and (3) we transformed the 3D map

from the MNI space to the subject’s native space non-linearly using FSL FNIRT [338]

before extracting its probability values as features to be used by the KNN classifier.

We also tested the effect of the average 3D map across all age groups instead of the

age-specific one. For the second experiment, we multiplied the age-specific 3D map

from PPLPM (in the subject’s native space) with lesion probability map obtained

from BIANCA (with the existing options and no additional features).

We performed both experiments on the NDGEN dataset (keeping all the other

options constant, as optimised in [53] and specified in section 4.2.3), and evaluated

the performance with respect to the manual masks as described in section 4.6.

4.3.2 Use of non-linear registration for estimating spatial fea-
tures

Currently in BIANCA, all the intensity features are calculated in native space, and a

linear transformation is required as input to extract the spatial features (spatial coor-

dinates in MNI space). However, a non-linear registration is, in general, more suitable

for registering single-subject images to MNI, especially for pathological brains. Hence,
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we performed experiments with non-linear registration for getting spatial coordinates

in MNI space, to test the improvement in BIANCA performance.

4.4 Classification: comparison of alternative clas-

sifiers within BIANCA

Currently, BIANCA is based on the KNN algorithm. We assessed the performance

of four other classifiers: random forest (RF), neural network (NN), support vector

machine (SVM) and adaboost (AB). A brief overview of the above classifiers has been

provided in appendix B. First we optimised the parameters for each classifier based

on the area under the curve values from ROC curves, and then compared their results

with KNN. Table 4.1 provides the list of available parameters (from the python scikit-

learn package) and the parameters that were considered for tuning in the optimisation

step.

Figure 4.2: Examples of subjects with different WMH loads used for parameter tuning of the clas-
sifiers: (a) low, (b) medium, (c) high and (d) very high lesion load. The manually segmented lesion
volumes for low, medium, high and very high lesion loads are 5409 mm3, 21005 mm3, 50585 mm3

and 89259 mm3 respectively.

We performed the initial tuning of parameters (from the python scikit-learn pack-

age) for the classifiers, experimenting with their values exhaustively within a prede-

termined range (refer to the table 4.1). We determined this range of parameters by

running initial tests on a selection of four subjects from the NDGEN dataset with

four different lesion loads: low, medium, high and very high (ranging from 5409 -

89259 mm3, see figure 4.2). After optimisation, we applied the four classifiers on

the remaining 17 subjects from the NDGEN dataset (keeping all the other options
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Classifier

Available main parameters and
default values (in python
scikit-learn package)

Range of parameter
values considered for
tuning

Random
forest (RF)

No. of trees - 10
Criteria for splitting - MSE
Maximum depth of trees - Till the leaves
are pure
Minimum no. of samples required for a
split - 2
Minimum samples at each leaf node - 1
Maximum number of features for each
tree - No. of features
Minimum impurity measure at each split
- 1× 10−7

Bootstraping done - True
Out-of-bag error score - False

No. of trees - 20, 30, 40, 50,
100, 1000
Minimum samples at each
leaf node - 200, 400, 500, 600,
800, 1000
Minimum impurity measure
at each split - 1× 10−7,
1× 10−6, 1× 10−5, 1× 10−4,
1× 10−3, 1× 10−2

Maximum depth of trees - 25,
50, 100

Neural net-
work (NN)

No. of neurons in a hidden layer - 100
Activation function - RELU
Output activation function - Logistic
sigmoid
Solver - ADAM
(β1 = 0.9, β2 = 0.999, ε = 1× 10−8 )
No dropout
L2 regularisation, Alpha - 1× 10−4

Change in learning rate - Constant
Initial learning rate - 1× 10−3

Maximum no. of iterations - 200
Tolerance - 1× 10−4

Momentum - 0.9
Fraction of samples for validation - 0.1

No. of neurons in a hidden
layer - 100, 120, 150
Solver - LBFGS, ADAM
Initial learning rate -
1× 10−4, 1× 10−3

Maximum no. of iterations -
1000, 1500, 1800
Tolerance - 1× 10−4,
1× 10−3, 1× 10−2

Support
vector
machine
(SVM)

Type of kernel - Radial basis function
(RBF)
γ - 1/(no.of features)
Tolerance - 1× 10−3

C-value - 1.0
Epsilon - 0.1
Maximum no. of iterations - Until
convergence

γ - 0.001, 0.01, 0.1, 1.0, 10
C-value - 0.1, 1.0, 10
Maximum no. of iterations -
1000, 2000, 3000, 5000, 6000

AdaBoost
classifier
(AB)

Base estimator - Decision Tree Regressor
No. of trees in base estimator - 1
No. of estimators - 50
Learning rate - 1.0
Loss function - Linear

No. of trees in base estimator
- 2
No. of estimators - 30, 40, 50
Learning rate - 0.5, 0.75, 1
Loss function - linear,
exponential, square

Table 4.1: Parameters considered for tuning different classifiers.
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constant, as specified in section 4.2.3) and evaluated the performance with respect

to the manual masks as specified in section 4.6. In order to test the consistency of

the results across various cohorts, we tested the performance of the best performing

alternative classifiers in the three cohorts from the MWSC dataset.

4.5 Thresholding: LOCally Adaptive Threshold

Estimation (LOCATE)

In order to overcome the impact on spatial heterogeneity of lesion probabilities, we

propose a method that determines spatially adaptive thresholds at different regions

of the lesion probability map.

4.5.1 Proposed method

LOCATE takes as input the subject-level lesion probability map obtained from a

lesion segmentation algorithm (in our case, BIANCA run with the options speci-

fied in section 4.2.3) and estimates local thresholds in three steps by dividing the

lesion probability map into sub-regions (using Voronoi tessellation), extracting local

characteristics (features) within those sub-regions and estimating the optimal local

threshold values based on the extracted features using a supervised learning method.

4.5.1.1 Voronoi tessellation

Firstly, we detected local maxima points Mi, where i = 1...N , on the lesion probability

map to identify the plausible lesion locations (indicated by red dots in figure 4.3b).

In order to avoid spurious local maxima points due to isolated voxels, we applied

a small amount of spatial smoothing to the lesion probability map with a Gaussian

filter, prior to local maxima detection. The FWHM size of the Gaussian kernel was

empirically chosen to be 1.2 voxels (with standard deviation, σ = 0.5 voxels).

We then tessellated the lesion probability map based on local maxima Mi into N

Voronoi polygons Vi, (figure 4.3c) around the maxima Mi. In order to ensure that

our Voronoi polygons are within the region of interest (in our case, the brain white
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Figure 4.3: LOCally Adaptive Threshold Estimation (LOCATE). (a) FLAIR image; (b) detection
of local maxima (Mi, red dots) on the smoothed lesion probability map (blue-yellow); (c) Voronoi
spaces Vi around local maxima points (indicated by random colours); (d) threshold map showing
the local threshold values obtained from the regression model; (e) histogram of thresholds Th opt;
(f) final binary lesion map obtained by applying the thresholds (d) on the lesion probability map
(b); (g) binary lesion map obtained by applying a global threshold of 0.9.

matter), we constrained the Voronoi polygons within a white matter mask obtained

from a dilated and inverted cortical CSF tissue segmentation, combined with other

deep grey exclusion masks, as described in [53].

Effect of tessellation method on LOCATE performance: In order to test

the robustness of LOCATE performance with respect to the tessellation method, we

also used simple linear iterative clustering (SLIC) [339] to form sub-regions. For this

experiment, we set the number of superpixels to 500, since this was comparable to the

number of regions formed with Voronoi tessellation. We compared the performance of

LOCATE between Voronoi tessellation and SLIC using performance metrics described

in section 4.6.

4.5.1.2 Feature extraction

Within each Voronoi polygon Vi, we applied different levels of thresholds (Th) from

0 to 0.9 with incremental steps of 0.05, and extracted the following features at each

Th:
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1. Mean greyscale intensity of the image used to identify the lesions (in our case,

FLAIR) within the thresholded region.

2. Distance between the ventricles and the centre of gravity of the thresholded

region. Lateral ventricles were segmented from T1 images as described in [340]

and the distance from the ventricle mask was calculated using the FSL command

distancemap).

3. Volume of the thresholded region

Figure 4.4: Features extracted from each Voronoi polygon plotted against the threshold values for
21 subjects from the NDGEN dataset: (a) volume of individual lesion region, (b) mean greyscale
intensity and (c) distance of the centre of gravity from the ventricles mask. A simple straightforward
relationship was not found between the features and the thresholds, indicating the need for a machine
learning method.

Due to lack of a simple relationship between the features and the thresholds (fig-

ure 4.4), we determined the optimal local threshold for each Vi using a random forest

[341] regression model with 1000 trees and min leaf size of 5.

4.5.1.3 Classification

Training phase: For each Vi, among the set of thresholds Th we determined the high-

est value Thmax at which we obtained the best similarity index with respect to the

manually segmented binary lesion mask. We then trained the random forest regres-

sion model with the above features against Thmax.

Testing phase: We applied the trained regression model to get the optimal thresh-

old Th opt for each Vi in the test images. Figure 4.3d shows an instance of Th opt
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map. Note that the periventricular region shows higher threshold values compared

to the deep region, indicating the variation in lesion probabilities. Moreover, the

histogram of thresholds Th opt (figure 4.3e) obtained for an individual image shows

a wider range of local threshold values depending on the local lesion characteristics

and spatial distribution (refer to appendix F for more threshold histograms repre-

sentative of various datasets). As a final step, we thresholded the lesion probability

map within each Vi using the corresponding Th opt to get the final binary lesion map

(figure 4.3f).

4.5.2 LOCATE evaluation and validation

We initially evaluated LOCATE using leave-one-out testing independently on the

NDGEN, OXVASC and MWSC datasets on the outputs from BIANCA obtained us-

ing features and options specified in section 4.2.3. The performance of LOCATE was

compared with that of the optimal global threshold against the manual segmentations

using the metrics described in section 4.6. In order to evaluate LOCATE performance

in lesions with different characteristics, we additionally calculated the performance

metrics in periventricular and deep lesions separately. We also performed ANOVA on

the performance metrics to observe the main and interaction effects on the measures.

We adopted the 10 mm distance rule [33] as a criteria for classification of PWMHs

and DWMHs (refer to the section 1.2.1 of chapter 1).

We used CADASIL and HC datasets to further validate LOCATE in terms of

robustness with respect to lesion load and of flexibility with respect to the training

dataset. In fact, they represent two very different scenarios from the datasets tested

so far. The subjects in the CADASIL dataset have a very different lesion pattern

and, on average, a higher lesion load than the other datasets, while HC have negli-

gible lesion loads. Moreover, since manual segmentation was not available for these

datasets, we used the OXVASC dataset for training (both for obtaining the lesion

probability map with KNN using the same features/options, and for LOCATE) since

the images were acquired using the same MRI protocol. The output obtained with
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LOCATE on these datasets was qualitatively evaluated and quantitatively compared

with the lesion mask obtained by applying the optimal global threshold (0.9), de-

termined with leave-one-out on the training dataset. In addition, on the CADASIL

subjects, we compared LOCATE output with the mask obtained by applying a lower

global threshold (0.2, the optimal global threshold for this specific dataset empirically

chosen by an expert neurologist). Using this comparative analysis, we explored the

possibility of using LOCATE on different cohorts and various lesion loads, having a

very different optimal global threshold from the pre-established value of 0.9. Also,

by using CADASIL and HC datasets, we aimed to observe the effect of the difference

in the lesion characteristics between patient group (CADASIL) and controls (HC) on

thresholds obtained from LOCATE.

4.6 Performance evaluation metrics

We evaluated the lesion segmentation results using the following metrics:

• Dice Similarity Index (SI)

• True positive rate (TPR)

• False positive rate (FPR)

• Cluster-level TPR in deep and periventricular white matter

Definitions of the above evaluation metrics are provided in appendix C.

4.7 Results

4.7.1 Use of population-level parametric lesion probability
map (PPLPM)

Figure 4.5 shows the ROC curves and SI plots at different thresholds for our experi-

ments using the PPLPM with respect to age on the NDGEN dataset. Using PPLPM

as an additional feature did not improve the performance of BIANCA, although the

use of the age-specific 3D map (figure 4.5a) still gave better results than the use of
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Figure 4.5: ROC (left) and SI (right) curves for the NDGEN dataset in the case of use of PPLPM
when (a) the age-specific 3D map is added as an additional feature (light blue), (b) the average 3D
map is added as an additional feature (yellow), and (c) when age-specific 3D map is post-multiplied
with BIANCA lesion probability map (grey). The curves corresponding to the existing BIANCA
results [53] are shown in red for comparison in all the three cases.
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an average map across all age groups (figure 4.5b). When the PPLPM was post-

multiplied with the subject’s lesion probability map (figure 4.5c), the TPR and SI

values were very low, especially at higher thresholds.

The optimal threshold for the existing version of BIANCA for this dataset was

found to be 0.9 [53]. After adding the age-specific 3D map as a new feature, we

still found 0.9 to be the optimal threshold for both age-specific and average cases,

while for the post-multiplication case the optimal threshold was 0.1. The paired t-test

showed significantly higher SI values for existing BIANCA (at the threshold of 0.9)

compared to all cases using the parametric map (p = 0.02 for age-specific map as

feature, threshold 0.9; p = 0.002 for average map as feature, threshold 0.9; p<0.001

for the post-multiplication, threshold 0.1).

4.7.2 Use of non-linear registration for estimating spatial fea-
tures

Figure 4.6 shows the ROC and SI curves for the comparison of linear and non-linear

registration on the NDGEN dataset, which would contain more cases of atrophic

brains and therefore benefit the most from a non-linear registration. However, it can

be seen from the figure that performing non-linear registration, with or without using

PPLPM, resulted in negligible differences in the BIANCA performance.

4.7.3 Comparison of alternative classifiers within BIANCA

Table 4.2 lists the best performing set of parameters that were obtained for each classi-

fier on the four subjects selected from the NDGEN dataset in the optimisation phase,

when we tested using the area under the curve values for all possible combinations of

the parameter values listed in table 4.1.

Figure 4.7 shows the ROC curves and SI plots for the four classifiers (RF, NN,

SVM, AB) using the best and the default set of parameters (in the python scikit-

learn package), with respect to KNN, on the remaining 17 subjects from the NDGEN

dataset. From the ROC curves and SI indices, KNN performed better than other
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Figure 4.6: ROC (left) and SI (right) curves for the cases with linear and non-linear registration for
extracting spatial features, with and without using PPLPM on the NDGEN dataset.

classifiers, even for their best set of parameters and using the optimal threshold for

each classifier. Paired t-test results showed that SI values from KNN (mean SI =

0.77 ± 0.10 at a threshold of 0.9) were significantly higher than those of RF (p =

0.02, mean SI for RF = 0.76 ± 0.10 at a threshold of 0.9), SVM (p < 0.001, mean SI

Classifier Best performing set of parameters

Random forest (RF)

No. of trees - 50
Min. samples at each leaf node - 400
Min. impurity measure at each split - 1× 10−3

Max. depth of trees - 25

Neural network (NN)

No. of neurons in a hidden layer - 100
Solver - LBFGS, Initial learning rate - 1× 10−3

Max. no. of iterations - 1800
Tolerance - 1× 10−3

Support vector machine
(SVM)

γ - 1.0
C-value - 1.0
Max. no. of iterations - 5000

AdaBoost classifier (AB)

No. of trees in base estimator - 2
No. of estimators - 30
Learning rate - 1.0
Loss function - exponential

Table 4.2: Best performing set of parameters for different classifiers.
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Figure 4.7: ROC curves (left) and SI curves (right) for alternative classifiers for the NDGEN dataset:
(a) random forest (RF), (b) neural network (NN), (c) support vector machine (SVM) and (d)
adaboost classifier (AB). Results are shown for each classifier’s best (blue solid line) and default
parameters (blue dashed lines) along with the results for KNN classifier, currently used in BIANCA
(red solid line).
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for SVM = 0.75 ± 0.10 at a threshold of 0.3) and AB (p < 0.001, mean SI for AB

= 0.65 ± 0.12 at a threshold of 0.7), while SI values using NN were not significantly

different from KNN (p = 0.32, mean SI for NN = 0.75 ± 0.09 at a threshold of 0.8).

Figure 4.8: ROC curves for alternative classifiers: (a) random forest (RF), (b) neural network (NN)
and (c) adaboost classifier (AB) for the VU Amsterdam, NUHS Singapore and UMC Utrecht cohorts
of the MWSC dataset. Results are shown for each classifier’s best parameters (blue solid line) along
with the results for KNN classifier, currently used in BIANCA.

Figures 4.8 and 4.9 show the ROC and SI curves for RF, NN and AB against

KNN on the 3 MWSC cohorts. The trend of ROC and SI curves for all the classifiers

across all cohorts remained similar to those of NDGEN, although the NN classifier

gave slightly lower SI values than the KNN classifier in the Singapore and Utrecht

cohorts.

The paired t-test results on the SI values between KNN and alternative classifiers

show that on the VU Amsterdam cohort, SI values obtained using KNN were not
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Figure 4.9: SI curves for alternative classifiers for the MWSC dataset: (a) random forest (RF), (b)
neural network (NN) and (c) adaboost classifier (AB). Results are shown for each classifier’s best
parameters (blue solid line) along with the results for KNN classifier, currently used in BIANCA.

significantly different from those obtained from alternative classifiers (RF: mean SI =

0.67 ± 0.10 at a threshold of 0.9, p = 0.56; NN: mean SI = 0.65 ± 0.12 at a threshold

of 0.8, p = 0.41; AB: mean SI = 0.53 ± 0.20 at a threshold of 0.4, p = 0.10). On the

NUHS Singapore cohort, SI values obtained from KNN were not significantly different

from those obtained from the RF classifier (mean SI = 0.65 ± 0.26 at a threshold of

0.9, p = 0.15) but they were significantly higher than SI values obtained using NN

(mean SI = 0.62 ± 0.27 at a threshold of 0.8, p = 0.009) and AB (mean SI = 0.55

± 0.26 at a threshold of 0.4, p = 0.005). Similarly, on the UMC Utrecht cohort, SI

values obtained from KNN were not significantly different from those obtained from

the RF classifier (mean SI = 0.60 ± 0.23 at a threshold of 0.9, p = 0.5), but were

significantly higher than SI values obtained using NN (mean SI = 0.59 ± 0.23 at a
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threshold of 0.7, p = 0.01) and AB (mean SI = 0.54 ± 0.28 at a threshold of 0.4, p

= 0.02).

Therefore, SI values obtained using KNN were never significantly less than any of

the alternative classifiers on any of the datasets. However, SI values of RF and NN

classifiers were not significantly different from those obtained with KNN.

4.7.4 LOCally Adaptive Threshold Estimation (LOCATE)

4.7.4.1 Effect of tessellation method on LOCATE performance

Figure 4.10: Results of LOCATE using Voronoi tessellation and SLIC for forming sub-regions.
FLAIR (a) and manual segmentation (b) shown with LOCATE results (c) and thresholds map (d)
using Voronoi tessellation (top row) and SLIC (bottom row).

Figure 4.10 illustrates examples of LOCATE outputs using SLIC and Voronoi

tessellation compared to the manual segmentation. Figure 4.11 shows ROC curves and

SI curves for BIANCA using various global thresholds and LOCATE using Voronoi

tessellation and SLIC on NDGEN dataset. From the figure, LOCATE gave similar

TPR and SI values for both the tessellation methods, with negligible difference in the

performance. This shows that LOCATE is robust with respect to the method used

for forming sub-regions.
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Figure 4.11: Comparison of ROC curves (left) and SI plots (right) for global thresholding (red) with
LOCATE using Voronoi tessellation (black) and SLIC (magenta) on the NDGEN dataset.

The paired t-test results show that the SI values obtained with LOCATE using

Voronoi tessellation were significantly higher than those obtained using SLIC (LO-

CATE Voronoi tessellation SI = 0.77 ± 0.10, LOCATE SLIC SI = 0.76 ± 0.11, p

= 0.003). Therefore, we have used Voronoi tessellation method in LOCATE hence-

forth for all the experiments and evaluation. However, note that while we observed

that LOCATE performance does not depend on the number of regions in Voronoi

tessellation, SLIC method was not explored as thoroughly. Hence SLIC, with appro-

priate number of superpixels, could be considered as a valid alternative to Voronoi

tessellation for creating sub-regions.

4.7.4.2 Evaluation of LOCATE on NDGEN, OXVASC and MWSC
datasets

Figures 4.12 and 4.13 illustrate examples of BIANCA results with LOCATE outputs

compared to the global thresholded outputs and the manual segmentations in vari-

ous datasets. LOCATE detected more deep lesions (figures 4.12c, d and 4.13b, and

frontal region of d) and segmented periventricular lesions better (figures 4.12a, b, d

and 4.13a) with respect to the manual segmentation. The additional lesions detected

by LOCATE with respect to manual segmentation in 4.12b, c, d did not represent

false positives as they were labelled as lesions in the manual segmentation in the
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adjacent slices. In fact, in MWSC datasets LOCATE segmented the lesions in the

temporal regions with better accuracy (figure 4.13c) compared to global threshold,

which missed a few well-defined lesions in that region.

Figure 4.14 shows the ROC curves and SI plots for BIANCA at various global

thresholds and using LOCATE for NDGEN, OXVASC and MWSC datasets. The SI

values obtained with LOCATE were not significantly different according to the paired

t-test to those obtained with global thresholding values of 0.9 for NDGEN (LOCATE

SI = 0.77 ± 0.10; global threshold SI = 0.77 ± 0.08, p = 0.94), OXVASC (LOCATE

SI = 0.75 ± 0.14; global threshold SI = 0.74 ± 0.11, p = 0.94) and MWSC (UMC

Utrecht: LOCATE SI = 0.64 ± 0.23, global threshold SI = 0.63 ± 0.22, p = 0.29,

NUHS Singapore: LOCATE SI = 0.73 ± 0.13, global threshold SI = 0.74 ± 0.14,

p = 0.93, VU Amsterdam LOCATE SI = 0.70 ± 0.09, global threshold SI = 0.70

± 0.09, p = 0.46) datasets. However, in terms of detection rates, LOCATE gave an

increase in voxel-wise TPR (0.03 for the NDGEN and 0.10 for the OXVASC) with

a negligible increase in FPR (0.001 for the NDGEN and 0.002 for the OXVASC)

compared to the global threshold of 0.9. For instance, in the NDGEN dataset a TPR

of 0.03 corresponds to ≈1600 mm3, while FPR of 0.001 corresponds to a negligible

amount of ≈90 mm3. In the case of the MWSC, the voxel-wise TPR showed negligible

difference between LOCATE and global thresholding results, despite a small increase

in FPR. It is worth noting that for MWSC datasets, we obtained the above results on

the publicly available training datasets (using leave-one-out validation), while in the

challenge the evaluation was done on the held out test dataset and the performance

of our method could change depending on the dataset characteristics.

4.7.4.3 Comparison of LOCATE performance in the deep and the
periventricular regions

We calculated the performance metrics such as TPR, FPR, SI and cluster-wise TPR in

the deep and the periventricular regions separately and compared them. Figures 4.15,

4.16 and 4.17 show the ROC, SI and cluster-wise TPR plots respectively for the deep

and the periventricular regions on NDGEN, OXVASC and the 3 cohorts of MWSC.
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Figure 4.12: Example results of LOCATE for (a) low, (b) medium, (c) high and (d) very high lesion
load (a,d from the OXVASC; b,c from the NDGEN datasets). Manual segmentations (green) are
shown along with outputs of global thresholding at 0.9 (light blue) and LOCATE (yellow). LOCATE
provides better segmentation in the deep (c, d) and the periventricular white matter lesions (a, b,
d) when compared to the global thresholding.
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Figure 4.13: Example results of LOCATE and BIANCA - manual segmentations (green) compared
to global thresholding (blue) and LOCATE (yellow). The corresponding threshold maps are shown
in red-yellow (note the heterogeneity of lesion probabilities shown in the brain white matter).

We also performed 2-way repeated measures ANOVA considering region (deep

and periventricular) and method (LOCATE and Global thresholding at 0.9) as inde-

pendent factors and the performance metric (TPR, FPR, SI and cluster-wise TPR)

as the dependent measure. We determined the main effect of region and method,

along with the effect of their interaction, on the metrics. Tables 4.3, 4.4, 4.5 and 4.6

report the descriptive statistics and ANOVA results for comparison of TPR, FPR, SI

and cluster-wise TPR values respectively. Briefly, the main findings of this analysis

are:

116



Figure 4.14: Comparison of ROC curves, SI plots for LOCATE and global thresholding. ROC curves
(a), SI indices (b) for the NDGEN, OXVASC and MWSC (VU Amsterdam, NUHS Singapore, UMC
Utrecht) datasets.
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• For TPR values, regarding the main effect of method, LOCATE provided sig-

nificantly higher TPR values when compared with the global thresholding. As a

main effect of the region, the TPR values were significantly higher in the periven-

tricular regions when compared to the deep regions. In almost all datasets, the

interaction effect was significant in favour of the deep regions, indicating that

the increase in TPR using LOCATE with respect to a global threshold was

significantly higher in the deep regions compared to the periventricular regions.

• Even though FPR values were negligible (around 90 - 100 mm3, which is only

a 5% of increase in TPR) in general, they were higher for LOCATE when

compared to global thresholding and were higher in the periventricular regions

for the NDGEN, NUHS Singapore and UMC Utrecht datasets. We observed

that the interaction effect was also significant in most of the MWSC cohorts and

the NDGEN dataset (increase in FPR using LOCATE was significantly higher

than global threshold in the periventricular regions compared to the deep).

• The main effect of method was not significant on SI values except for the ND-

GEN dataset. However, SI values were significantly higher in periventricular

regions when compared with the deep regions for all the datasets.

• We observed a significant main effect of method for all datasets with cluster-

wise TPR always being higher for LOCATE than global thresholding. The main

effect of region was significant only for the MWSC cohorts: cluster-wise TPR

was not significantly different between the periventricular and the deep regions

in NDGEN and OXVASC, while it was significantly higher in the periventricular

than the deep regions for the MWSC cohorts. In these cohorts we also observed

a significant interaction effect: the increase in cluster-wise TPR using LOCATE

with respect to global threshold was higher in the deep regions compared to the

periventricular regions.

Overall, we observed significant main effects of both method and region on the

detection of true positive lesions. Additionally, in most of the datasets we observed a

118



significant interaction effect. This shows that the interactive effect of improvement in

detection of true positive lesions using LOCATE with respect to global thresholding

was significantly higher in the deep regions compared to the periventricular regions.
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Figure 4.15: ROC curves in periventricular (left) and deep (right) regions for LOCATE (black) and
global thresholding (red) on the NDGEN, OXVASC and MWSC (VU Amsterdam, NUHS Singapore
and UMC Utrecht) datasets.
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Figure 4.16: SI curves in the periventricular (left) and the deep (right) regions for LOCATE (black)
and global thresholding (red) on the NDGEN, OXVASC and MWSC (VU Amsterdam, NUHS Sin-
gapore and UMC Utrecht) datasets.
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Figure 4.17: Comparison of cluster-wise true positive rates in the periventricular and the deep
region for LOCATE and global thresholding. Cluster-wise true positive rates in the periventricular
(a) and the deep (b) regions shown for the NDGEN, OXVASC and MWSC (VU Amsterdam, NUHS
Singapore, UMC Utrecht) datasets.
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4.7.4.4 Validation of LOCATE on CADASIL and HC datasets

Figure 4.18 illustrates the results of lesion segmentation by applying LOCATE on

the CADASIL dataset. Since CADASIL patients have different lesion characteris-

tics compared to those in the OXVASC dataset (different lesion location and very

high lesion loads), applying the global threshold of 0.9 that was determined in the

training phase on the OXVASC dataset yields poorly segmented binary lesion maps

(figure 4.18b). On visual inspection, the results of global threshold at 0.2 (determined

as optimal by an expert neurologist) showed increased false positives in some cases

(especially in the third case of figure 4.18c). On the other hand, we can observe

that LOCATE provided a much better segmentation and detected the lesions in the

temporal lobe, typical of the pathology (figure 4.18d). A similar visual comparison of

LOCATE results with those of global thresholding at 0.9 on the HC dataset is shown

in figure 4.19.

When the binary lesion maps obtained using the optimal global threshold value

of 0.2 is used as the reference segmentation, the paired t-test results show that the SI

values obtained for CADASIL with LOCATE (SI = 0.79 ± 0.01) were significantly

higher than those obtained using a global threshold at 0.9 (SI = 0.57± 0.10, p<0.001).

For CADASIL, using LOCATE increases the voxel-wise TPR by 0.48 for a constant

FPR of 5×10−4.

4.7.4.5 Comparison of lesion volumes between LOCATE and global
thresholding

The Bland-Altman plots in figure 4.20 show the agreement in lesion volumes for

global threshold (a) and LOCATE (b) with respect to the reference segmentation for

the above datasets. From the figure, it can be seen that there is not much scope for

improvement in NDGEN and VU Amsterdam, however LOCATE shows improvement

for the OXVASC, NUHS Singapore and UMC Utrecht datasets both in terms of slope

and limits of agreement.
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Figure 4.18: Example results of LOCATE on the CADASIL data. (a) FLAIR image, (b) global
thresholding at 0.9 (light blue), (c) global thresholding at 0.2 (dark blue), (d) LOCATE results
(yellow) and (e) threshold maps obtained from LOCATE (red-yellow). Note that the threshold
maps show the heterogeneity in the lesion probabilities in various regions of the white matter.
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Figure 4.19: Example results of LOCATE on the HC data. (a) FLAIR image, (b) global thresholding
at 0.9 (light blue), (c) LOCATE results (yellow) and (d) threshold maps obtained from LOCATE
(red-yellow). Note that the threshold maps show the heterogeneity in the lesion probabilities in
various regions of the white matter.
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4.7.4.6 Analysis of LOCATE thresholds

To summarise the effect of LOCATE on different datasets, figure 4.21 shows boxplots

of local threshold values determined by LOCATE for the five datasets (also individu-

ally for the three MWSC datasets), along with the optimal global threshold values for

each dataset. The median threshold values of the NDGEN, MWSC and HC datasets

are higher than other two datasets, especially the CADASIL dataset. LOCATE as-

signed higher thresholds for datasets with lower lesion load (HC and NDGEN, which

contains 30% of healthy subjects) and lower thresholds for datasets with higher lesion

load (OXVASC and especially CADASIL). This is also observable from the thresh-

olded maps shown in figure 4.18e and figure 4.19d. We have also shown LOCATE

threshold histograms for various subjects within a specific dataset and across various

datasets in appendix F.

Figure 4.21: Boxplots of local thresholds obtained from the random forest regression model in
LOCATE. The optimal global thresholds determined manually are shown in red circles. The mean
values of local thresholds obtained from LOCATE are shown in black circles.

In line with the results of the paired t-test, the largest improvement in SI cor-

responds to the largest difference between the LOCATE threshold and the global

threshold. In the case of the HC dataset, the median of local thresholds obtained

from LOCATE is very close to the optimal threshold of 0.9, thus showing only a

slight improvement in the lesion segmentation. This is also evident from figure 4.19,
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where LOCATE results appear very similar to the results of global thresholding at

0.9 (figure 4.19b and 4.19c).

4.8 Discussion and conclusions

In this work, we studied the effect of single-subject and population-level heterogeneity

in amount, location and characteristics of WMHs on the performance of our recently

developed WMH segmentation method BIANCA, with the aim of improving feature

extraction, classification and thresholding steps. At the feature extraction step, we

analysed the effect on the subject-level lesion probability maps of using population-

level lesion probability map (PPLPM, with age as factor of interest) and non-linear

registration. In the classification step, we explored the effect of using alternative

classifiers, which have been previously used for this task in the literature. For thresh-

olding the lesion probability map, as an alternative to selecting a global threshold,

we proposed LOCATE, a method to determine local thresholds that are sensitive

to spatial differences in the lesion probabilities, giving more accurate binary lesion

masks.

We observed the effect of using the PPLPM and found that post-multiplying the

age-specific 3D map with the lesion probability map performed worse than adding the

PPLPM as an additional feature. This is because PPLPM indicates the likelihood of

finding a lesion at a given location in a population, informed primarily by the anatomy

of disease signs. On the other hand, the subject-level probability map reflects the

probability of identifying a lesion versus the normal tissue and is primarily determined

by the intensity contrasts and noise in the image. For instance, in our previous work

[78] we showed that in PPLPM the lesion probabilities typically increase more in

the periventricular regions than in the deep regions in the elderly population (which

is in line with the existing literature [54, 342, 343]). Therefore, post-multiplying the

PPLPM with the subject-level lesion probability map can bias the subject-level lesion

probabilities more towards the periventricular lesions, irrespective of the local spatial

characteristics in the images from the individual subject. However, when we provide
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the PPLPM as an additional feature, the classifier assigns sensible lesion probability

values taking into account the PPLPM as well as the image intensity contrasts for the

different modalities and the spatial coordinates. Particularly, we observed that adding

an age-specific map as an additional feature gave better results than the average map,

since the former models the lesion probabilities for the subject’s age group specifically

and hence is more accurate. Overall we observed that, at present, using the PPLPM

does not significantly improve the performance of BIANCA (which is also evident

from the p-values of our t-test results). Hence, our current recommendation is that

PPLPM (with age as parameter of interest) is not necessary for improving BIANCA

segmentation. However, the way this option will be implemented in a future release of

BIANCA is quite flexible and will allow the user to use any 4D PPLPM with respect

to any other factor of interest, which still could improve the segmentation in their

specific dataset. Also, it is worth noting that before using this option, the user needs

to ensure whether the demographics of the test dataset are comparable to those of

the population used to model the PPLPM.

On comparing the use of linear and non-linear registration for extracting spatial

features, we observed negligible difference in the performance. However, since the

use of non-linear registration could still be beneficial in more extreme cases, in a

future release of BIANCA users will be able to provide non-linear warp fields as an

alternative to the linear transformation matrix for getting spatial coordinates.

The results of the comparison between KNN and other classifiers showed that

KNN provided better segmentation. For the same set of features (excluding the

PPLPM), we observed that SVM and AB classifiers provided significantly lower SI

than KNN, especially at higher thresholds. On the other hand, SI values for RF and

NN followed a similar trend to KNN with relatively similar SI values (figure 4.7). In

the NDGEN dataset, SI values for RF were still significantly lower than KNN, while

NN gave SI values that were not significantly different from KNN. In the MWSC

dataset, SI values obtained using KNN did not differ significantly from those of RF in

all cohorts and from those of NN in the VU Amsterdam cohort. Moreover, for a given
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FPR, KNN has a higher TPR compared to any other classifier, indicating that KNN

detects more true lesions than other classifiers. However, since NN and RF showed

the potential to perform as well as KNN, they will be included as alternative classifiers

in a future release of BIANCA. At this point, it is worth noting that irrespective of

the classifier used, there is a certain degree of uncertainty associated with the manual

segmentation - they are an approximation to the real ground truth, meaning that

very fine discrimination may reflect errors in the manual segmentation rather than

errors in the automated classification results.

Regarding the improvements at the thresholding step with LOCATE, the initial

leave-one-subject-out results of LOCATE on NDGEN, OXVASC and MWSC datasets

showed improvement in BIANCA segmentation for all datasets. LOCATE detected

more true positive WMHs, especially in the deep white matter, and provided better

delineation of WMHs with respect to the manual segmentation as indicated by the

improved SI values and the visual results shown in figures 4.12 and 4.13. Since

BIANCA is currently not optimised for segmentation of (juxta)cortical, cerebellar

and subcortical lesions, we could not further evaluate LOCATE performance in these

areas, since they are not included in the BIANCA output.

LOCATE provided results comparable with those obtained using a global thresh-

old, irrespective of changes in the acquisition protocols and image characteristics in

the MWSC dataset. The top ranking methods for the MICCAI WMH segmenta-

tion challenge used deep learning models such as Deep Stack Networks and Ensemble

Learning [344], Multi-dimensional Gated Recurrent Units [238] and a modified lo-

cation sensitive deep convolutional neural network [227]. The methods were ranked

based on the set of performance metrics described in http://wmh.isi.uu.nl/, in-

cluding SI values (Dice) and cluster-wise TPR (Sensitivity of individual lesions). We

achieved an average SI value of 0.70 for both LOCATE and global thresholding,

while the top ranking methods achieved SI values of 0.80, 0.78 and 0.77. Also, we

achieved cluster-wise true positive rate of 0.75 with LOCATE and 0.71 with global

thresholding, while the top ranking methods achieved 0.87, 0.83 and 0.73. Therefore,
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LOCATE gives a better cluster-wise TPR when compared to global threshold and

the third ranking method in the challenge. However, a direct comparison would not

be possible since the results of the top ranking methods were determined on the in-

dependent test datasets, while our results were obtained on leave-one-out validation

on the MWSC training datasets that are publicly available. Also, we retained the re-

gions corresponding to other pathologies for a more stringent evaluation, while these

regions were ignored during evaluation in the MICCAI challenge.

Our validation of LOCATE on CADASIL and HC datasets proves that LOCATE

is robust with respect to variations in lesion load and location without the need to

retrain both BIANCA and LOCATE. In fact, LOCATE can be trained on any data

having the same modalities, containing examples of same (or similar) pathologies,

acquired with the same sequence as the test dataset. For instance, we used the OX-

VASC dataset to train LOCATE for testing it on the CADASIL dataset since both

datasets were acquired with the same sequences. The pattern of lesions for CADASIL

subjects differs from that of vascular subjects in the OXVASC dataset, as CADASIL

subjects, in addition to the normal distribution of WMHs seen in SVD, typically

have lesions within the external capsule and anterior temporal lobes [40]. Due to this

variability in lesion characteristics and pattern, training BIANCA on the OXVASC

dataset yields very low lesion probabilities in the temporal regions. Reflecting these

lower lesion probabilities, the thresholds map from LOCATE (figure 4.18) showed

much lower threshold values, especially in the temporal regions in the CADASIL

images. Therefore LOCATE yielded much better segmentation performance (SI =

0.79) compared to a global threshold of 0.9 (SI = 0.57), when the lesion probability

map thresholded at 0.2 was considered as the reference segmentation. Moreover, LO-

CATE results on CADASIL showed a substantial increase of 0.48 in TPR without an

increase in FPR, due to the detection of more lesions in the temporal region. This

indicates that LOCATE takes into account different lesion patterns and hence can be

used in different pathologies. Also, compared with the approaches proposed by [330],
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LOCATE overcomes the need for manually determining thresholds for individual sub-

jects on the CADASIL dataset, while still providing similar SI values and comparable

limits of agreement with the gold standard on Bland-Altman plots (figure 4.20 versus

[330], figure 7, col. 3).

The threshold maps obtained from LOCATE for the HC dataset showed higher

thresholds when compared to the CADASIL dataset. This is due to the fact that HCs

have mostly periventricular lesions (that are common in healthy ageing) that are usu-

ally assigned higher probabilities. Hence by using higher threshold values, LOCATE

gave results that appear visually similar to the global thresholding at 0.9, detecting

mostly periventricular lesions. While the threshold maps from LOCATE (figure 4.18

and 4.19) provide information regarding the spatial heterogeneity of lesion probabil-

ities, boxplots of thresholds shown in figure 4.21 show the overall characteristics of

the datasets. On analysing the LOCATE threshold maps and histograms for various

cases (refer to appendix F), we found that distribution of LOCATE thresholds is

fairly consistent within a specific population and varies across different populations.

The improvement in segmentation performance is more prominent in the OXVASC

and CADASIL datasets when compared to the NDGEN, MWSC and HC datasets.

This is reflected in their corresponding optimal global thresholds being very different

from the median of their LOCATE thresholds. Interestingly, the ranges of thresholds

obtained from LOCATE on the OXVASC and CADASIL datasets are wider (exclud-

ing the outliers), when compared to the other datasets. This could be due to the

different sequence characteristics (e.g. lower resolution) and pathological character-

istics (high amount of small vessel disease) of both these datasets with respect to the

others. LOCATE results on the five datasets, especially the HC dataset (which has

negligible lesion load compared with the CADASIL subjects) show that LOCATE

is more adaptive to the variation in the global lesion load in addition to the spa-

tial heterogeneity in lesion probabilities, compared to global thresholding (shown in

figure 4.18 and 4.19).
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Regarding the number of subjects needed for training, we used a minimal training

set of 18 subjects from OXVASC to get good performance on both OXVASC (on 17

subjects, with leave-one-out) and CADASIL. Hence we would recommend using 15

- 20 subjects for training LOCATE. However, it is worth noting that the number of

training subjects needed to achieve good results can vary across datasets (for more

details on the optimal number of training subjects, refer to [53]). For this reason, we

advise checking the segmentation accuracy on each dataset, comparing the output

with the manual masks whenever available and, if needed, increasing the number of

subjects included in the training or consider re-training on the specific dataset. So far,

evaluation of LOCATE has been performed on relatively small datasets (containing

15 - 20 subjects) which limits the power of our results. Also, the experiments done

so far show that LOCATE is generalisable when trained with dataset-specific images

or when using a training dataset generated with images acquired with the same scan-

ner and sequences. We are currently working towards improving robustness across

scanners and sequences. In its current MATLAB implementation, the running time

of LOCATE to determine a binary lesion map from an individual lesion probability

map is approximately 15 minutes per subject, when run on an iMac with a 2.9 GHz

Intel Core i5processor.

LOCATE will be included as an additional option for generating binary lesion

maps, as an alternative to the faster but less accurate global thresholding, in a future

release of BIANCA. The MATLAB implementation of LOCATE is currently available

to use (see https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/BIANCA/Userguide under

the post-processing section for more details).

A potential future development of LOCATE could be to use the estimated thresh-

olds to normalise the lesion probabilities locally in order to obtain a more uniform

lesion probability map that is robust to the diffuse nature of the lesions in different

areas of the brain. Another interesting future direction for BIANCA could be to

investigate the amount and distribution of lesions in various cerebral lobes, similar to

the analysis of lesions in periventricular and deep regions done in [36].
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4.9 Summary

1. We explored different strategies in three steps of BIANCA: feature extraction,

classification and thresholding, to improve WMH segmentation.

2. In the feature extraction step, using PPLPM as an additional feature and us-

ing non-linear registration (instead of linear registration) for extracting spatial

features provided negligible difference in BIANCA performance.

3. In the classification step, out of all the four classifiers, RF and NN classifiers

provided results comparable with KNN and might have the potential for im-

provement in different datasets.

4. The proposed algorithm for the thresholding step, LOCATE, provided consid-

erable improvement in the segmentation. In particular, the improvement in

performance with LOCATE is significantly higher in deep regions.

138



Chapter 5

Deep learning for segmentation of
white matter hyperintensities

The work described in this chapter aims to provide an improved and robust segmen-

tation of WMHs, across various datasets, using a deep learning method.

Section 5.1 defines the premise of our experiments and introduces various deep

learning concepts that will be explored in this chapter. Section 5.2 lists the datasets

used for our experiments and describe our preprocessing pipeline. Section 5.3.1 ex-

plains the proposed model architecture, its novel aspects and the post-processing step,

while the experimental setup is specified in section 5.4. Sections 5.5 and 5.6 describe

our experiments and the corresponding results respectively. Section 5.7 consists of

the discussion of our results, conclusions and possible future directions of our work.

The preliminary results of this work have been submitted to the 2020 ISMRM

conference (Sundaresan et al., ISMRM 2020).

5.1 Introduction

Automated WMH segmentation in a robust manner across datasets is challenging due

to variations in the lesion load and image characteristics. For instance, a supervised

learning algorithm trained on a high lesion load dataset, could perform poorly on

healthy controls due to the bias towards the higher lesion load learnt by the algo-

rithm. Hence we need a method that avoids over-fitting and is more flexible towards

variations in lesion characteristics, load and distribution.
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Deep learning (DL) methods such as end-to-end trainable encoder-decoder net-

works [217, 218] and fully convolutional networks (FCNs) [222, 210, 208] have been

shown to perform better in the segmentation tasks [58, 238, 227, 59, 345, 232, 226]

than the conventional machine learning methods (refer to chapter 2). The increase

in computational resources such as GPUs and improvements in pattern recognition

and computer vision techniques have enabled the use of neural networks for improved

and robust segmentation results. Especially, U-nets [224] and its modified versions

[345, 247, 58, 346], including 3D U-Nets [226, 247, 225], have been successfully used

for medical image segmentation. In fact, in MICCAI WMH Segmentation Challenge

(MWSC) 2017 [216], the top ranking method used ensemble U-net model [58] on

FLAIR and T1-weighted images. The architecture of a U-Net (figure 1 in [224])

follows the encoder-decoder framework [217], by creating high-dimensional features

by combining multi-scale information. In a U-Net, the encoder arm captures the

finer contextual information through a stack of convolutional and pooling layers. The

decoder arm consists of deconvolution layers which impart localisation information.

There are skip-connections from the encoder to the decoder between the layers at

the same levels of abstraction, enabling the aggregation of contextual and spatial

information for quicker convergence, making U-Nets computationally efficient.

Various techniques have been used to improve the segmentation performance.

Attention gates (AG) aim to do so by selective enhancement of features. In AGs,

additional modules or gates are added to a layer to weigh the local features at that

layer with more global or coarser features. This weighing would selectively enhance

salient features and filters that would lead to better coarse features for localisation.

These AGs, called soft trainable attention gates were used in end-to-end trainable

networks [245] initially for classification tasks, and later for fetal echocardiography

plane detection [345], pancreas segmentation [247] and lesion segmentation [347].

Improving model generalisability to reduce over-fitting on the training data is

an important aspect of model optimisation. Data augmentation [204], efficiently

improves model generalisability by inflating the amount of training data artificially
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[348], introducing variation in image characteristics. Ensemble networks have been

shown to provide better performance [207, 208, 210, 232, 349] and proven to be

resistant to over-fitting, which can occur with more complex models [350]. Ensemble

models could consist of models with different initialisations [58] or from different

planes [351].

In addition to the above techniques, domain adaptation (DA) methods address

the issue of discrepancies in the data distributions obtained from various domains

(e.g. different scanners), ensuring robust performance of the model irrespective of

the domain [249]. DA methods aim to transfer the knowledge from a source domain

to a target domain by leveraging the invariant features across various domains [268,

266]. Various DA techniques used so far include, for example, minimising a distance

metric of domain variance [352, 260, 261, 353], using transferable features [262, 263]

for creating intermediate feature representation between domains, transfer learning

[266, 262] and so on. In the transfer learning (TL) [266] paradigm, the knowledge

from the source domain is transferred to the target domain by fine-tuning the source-

trained model using target domain data. During fine-tuning, the initial convolutional

layers (domain invariant low-level features) are generally kept constant or frozen,

while the final layers (task/domain specific high-level features) are fine-tuned on the

target datasets. Fine-tuning of the pre-trained models has shown to improve the

performance [267], especially when image characteristics between domains are more

similar [262, 268]. TL has been applied for medical image segmentation tasks [269,

270, 267], including lesion segmentation [271]. In TL, the training on different domains

occurs separately and hence does not enable us to mix data from different domains.

Also, the performance relies on the amount of target training data [267].

Another DA strategy, domain adversarial training of neural networks (DANN)

[272, 273] relies on domain invariant features to achieve good domain adaptation.

The DANN model consists of a feature extractor network with two discriminative

classifiers: (1) domain predictor, which predicts the data domain, and (2) label pre-

dictor that predicts the class labels. The model framework performs adversarial
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training at domain predictor using a gradient-reversal layer, placed between the fea-

ture extractor and the domain predictor, optimising the features and shared weights.

The gradient-reversal layer maximises the domain prediction loss, thus minimising

the shift between the domains, while making the model discriminative towards the

main task of label prediction. Hence, domain transfer is achieved by simultaneously

using source and target domain datasets.

In this work, we propose Triplanar U-Net ensemble network (TrUE-Net), an en-

semble of U-Nets applied to three planes of structural brain MR images, using loss

functions that take into account the anatomical distribution of WMHs, for accurate

WMH segmentation (section 5.3). We study the effect of the various aspects and pa-

rameters of the proposed model on the segmentation results (sections 5.5.2 and 5.5.3).

We perform the initial leave-one-out evaluation of the model on various datasets with

different acquisition characteristics and pathological signs (section 5.5.4). We also

compare the performance of TrUE-Net and its modified version (with the addition

of AG) with BIANCA [53] (section 5.5.5). The corresponding results are reported in

sections 5.6.1 - 5.6.4. We later test the generalisability of the model and experimented

with several test cases that explore the possibility of DA using two domain transfer

techniques: TL and DANN (sections 5.5.6 and 5.6.5).

5.2 Dataset preparation

5.2.1 Datasets used

For the experiments described in this chapter, we used the same datasets used in

chapter 4. For more details, see section 4.2.1 and appendix A.

1. Neurodegenerative cohort (NDGEN)

2. Vascular cohort - Oxford Vascular Study (OXVASC)

3. MICCAI WMH segmentation challenge Dataset (MWSC) consisting of three

cohorts from Utrecht, Singapore and Amsterdam
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4. Cerebral autosomal dominant arteriopathy with subcortical infarcts and

leukoencephalopathy (CADASIL) cohort

5. Healthy controls (HC)

5.2.2 Data preprocessing

We used both T1-weighted and FLAIR images as inputs for the model. We reoriented

the T1-weighted and FLAIR images to match the orientation of the standard MNI

space, to aid in further processing. We skull stripped the images using FSL BET

[335], followed by bias field correction using FSL FAST [336]. We registered the

T1-weighted image to FLAIR using linear rigid-body registration with FSL FLIRT

[337].

Secondly, we cropped the above skull stripped FLAIR and T1-weighted images

closer to the brain edges to make the FOV tighter, thus avoiding the non-brain voxels.

We then extracted the 2D slices from the volumes for training and testing from all

three planes. Note that, rather than ignoring the top/bottom slices as done in [58]

(the top ranking method in MWSC [216]), we do not omit any slice in the 3D volume,

since there is a possibility of lesion occurrence, albeit slim, in those regions. We then

apply Gaussian normalisation on the cropped images to normalise the intensity values.

While preparing 2D slices in the axial plane, we cropped the slices to a dimension

of 128 × 192 voxels for all datasets. For sagittal and coronal slices, we extracted

the slices from the tightly cropped 3D volumes and resized them from their various

original dimensions to 192 × 120 and 128 × 80 voxels respectively, using bilinear

interpolation.

5.3 Triplanar U-Net Ensemble Network (TrUE-

Net)

5.3.1 Network architecture

The choice of the model dimension plays a crucial role in extracting the useful spatial

information, and hence for accurate segmentation. This choice is affected by various
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factors such as size and distribution of lesions and amount of data available. As

described in chapter 2, 3D CNNs have been successfully used in the segmentation of

variety of lesions [232, 233, 247], since they utilise the contextual information along

all dimensions. However, images with WMHs can include small lesions in the deep

regions, with low contrast and poor context. Also, one of the dimensions, usually

the z -dimension, often has poor resolution, leading to inconsistencies in the detection

of WMH boundary voxels using 3D CNNs. From the implementation point of view,

2D models use far fewer parameters when compared to 3D models. However, using

2D models can cause discontinuities in segmentation across the z -dimension since

individual slices are considered separately.

The proposed triplanar architecture overcomes the disadvantages of both 2D and

3D models. The network consists of three U-Nets, each detecting WMHs from 3

different planes of an image. The triplanar network is well-suited for this task, since

the model (1) avoids discontinuities in WMH segmentation, especially in images with

larger slice thickness - since each U-Net views the image from a different plane, it

captures even small DWMHs with less spatial context, in a continuous manner; (2)

provides better and comprehensive edge detection, since the edges in a single plane

correspond to whole lesions in another plane; (3) gives better context across slices

with far fewer parameters when compared to a 3D CNN.

We combined three 2D U-Nets in parallel within an ensemble model. We chose

to use an ensemble model because (1) different models in an ensemble can recognise

subtle differences in feature maps that other models might miss, (2) using an ensemble

of models avoids the variation in the resulting probability maps, due to noise or

spurious structure, since final probabilities are combined with equal weights (usually

averaging).
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Figure 5.1 shows the architecture of the proposed ensemble network. For each

plane, the 2D U-Net model takes FLAIR and T1-weighted slices as input channels

and provides the probability map in the corresponding plane. We trimmed the depth

of the classic U-Net [224] to obtain the 3-layer deep U-Net model to reduce the com-

putational load and to improve the model sensitivity towards small lesions. The

encoder arm of U-Net pools (downsamples) the feature maps, while the decoder arm

expands the features (upsamples), with skip connections that concatenate features

between the encoder and decoder arm. At each level of abstraction in the encoder

and decoder, the model consists of two consecutive 3 × 3 convolutional layers followed

by the 2 × 2 max-pooling layer (for encoder) or 2 × 2 upsampling layer (for decoder).

Each convolution layer is followed by batch normalisation and ReLU (rectified linear

unit) layers. Our model mostly uses 3 × 3 convolutional layers, except for the initial

5 × 5 convolutional layers in the cases of sagittal and coronal U-Nets, since larger

receptive fields could adapt well to variations in lesion characteristics and lower reso-

lution along the z -direction. We added a 1 × 1 convolutional layer finally before the

softmax layer for predicting the probability maps. In the ensemble model, training

of U-Nets in the individual planes occurs independently using the slices extracted

from the corresponding planes from the resized training images. During testing, we

predicted the probabilities for all slices in the individual planes and then assemble

these into 3D probability maps in the corresponding planes. We then obtained the

final probability map by averaging the individual 3D probability maps from the 3

planes, after resizing them back to their original dimensions.

5.3.2 Loss functions

We used the sum of voxel-wise cross-entropy (CE) loss function and Dice loss (using

Dice overlap measure between the lesion and the ground truth) as the total cost func-

tion. The CE loss function has been widely used for voxel-wise semantic segmentation

[222, 224]. In our case, the CE loss aims towards the detection of larger periventric-

ular WMHs, due to the imbalance between WMH and background class samples,

especially in deep regions. Hence we weighted the CE loss function to up-weight
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the areas that are more likely to contain the less represented class (i.e. WMH). In

addition to that, we added Dice loss, which has stronger sensitivity to missing small

WMHs when compared to the CE loss. Dice loss has also been shown to work well

with unbalanced classes [226, 58].

Figure 5.2: Example weight maps for weighing voxel-wise cross-entropy loss function. Maps showing
the sum of (a) Square-root of distance from ventricles Dvent and (b) Square-root of distance from
grey matter (GM) DGM to get (c) Final weight map Dwei.

Figure 5.2 shows an example of weight map for weighting CE loss function. We

determined the square-root distance from ventricles, 0 ≤ Dvent ≤
√
ND, ND ∈ R

(figure 5.2a), and the distance from the brain grey matter (GM), 0 ≤ DGM ≤
√
MD, MD ∈ R (figure 5.2b) and determined the final weight map as the sum of

both, Dwei = Dvent + DGM , 0 ≤ Dwei ≤ (
√
ND +

√
MD) (figure 5.2c), where ND and

MD are maximum distances from ventricles and GM respectively (all distances in

mm). Hence the weighted CE loss is given by,

CE = −
C∑
x=1

y(x) Dwei(x) log(p(x)) (5.1)

where p(x) denotes the output of the soft-max layer, C is the number of classes and

y(x) ∈ {0, 1} indicates the binary value at voxel x. Given the manual segmentation

M and binary map Pth obtained by thresholding predicted probability maps, the Dice

loss for N voxels is given by,

DL = − 2×
∑N

x=1M(x) · Pth(x)∑N
x=1M(x) +

∑N
x=1 Pth(x)

(5.2)
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Hence the total loss function L is given by,

L = CE +DL = −
C∑
x=1

y(x) Dwei(x) log(p(x))− 2×
∑N

x=1M(x) · Pth(x)∑N
x=1M(x) +

∑N
x=1 Pth(x)

(5.3)

5.3.3 Post-processing

The post-processing consists of three steps: firstly, as a reversal of the tight cropping

done in preprocessing step, we padded the probability maps with zeros to get the

images back to their original dimensions. Secondly, we masked the probability map

with WM obtained from a dilated and inverted cortical CSF tissue segmentation,

combined with other deep grey exclusion masks [53] (used in chapter 4). Finally, we

thresholded the masked probability maps at a global threshold of 0.5.

5.4 Experiment setup

5.4.1 Optimisation parameters

We trained the network using the Adam Optimiser [354] with epsilon (ε) value of

1 × 10−4. We used a batch size of 8, with an initial learning rate of 1 × 10−3 and

reducing it by a factor 1×10−1 every 2 epochs, until it reaches 1×10−5, after which we

maintain the fixed learning rate value. We chose the above parameters empirically

based on the model convergence (refer to section 5.5.2 for more details). We also

empirically set the total number of epochs to 100, while we observed that the model

usually converged before 80 epochs. We used the truncated normal variable (with σ

= 0.1) for weights initialisation and the biases were initialised as constants with a

value of 0.1.

5.4.2 Data augmentation

The commonly used data augmentation techniques include geometric transformations

[250] such as translation, rotation, shearing, noise injection, filtering and using neural

network models such as GANs (e.g. style transfer) [251, 252]. In this work, for all the

three planes the augmentations on the slices were performed using randomly chosen
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transformations in random combinations: translation, rotation, adding random noise

and Gaussian filtering. For the above operations, we randomly chose the hyperpa-

rameters from a specific range of values (listed in table 5.1). The values were set

empirically by experimenting to introduce sufficient variance in the generated data

and to mimic the clinical difference observed between various subjects. For axial

slices, we augmented the data by a factor of 10, while for sagittal and coronal slices

we augmented by a factor of 6. Despite the high augmentation factor, the random

combinations of transformation avoid redundant information. We augmented the ax-

ial slices by a larger factor than the other two, in order to compensate for the smaller

number of axial slices, especially after cropping the volumes to tighten the FOV (re-

fer section 5.2.2 for details). After augmentation, we obtained ≈ 900-950 slices per

subject.

Transformations Parameter ranges

Translation (voxels) x-offset: [-10, 10], y-offset: [-10, 10]

Rotation (degrees) θ = [-10, 10]
Random noise injection (af-
ter Gaussian normalisation)

Distribution: Gaussian, µ = 0, σ2 = [0.01, 0.09]

Gaussian filtering (voxels) σ = [0.1, 0.3]

Table 5.1: Transformations used for data augmentation and their parameter ranges.

5.4.3 Implementation details

We implemented the network in Python 3.6 using TensorFlow 1.11.0. The network

was trained on a NVIDIA Tesla K40c, taking an total training time of ≈ 125 minutes

(for 3 planes) for 15,000 training samples. For testing, each subject with an average

of 45 slices took an average testing time of ≈ 6.2 seconds (on GPU) for the final

prediction. The training and validation split was set to 90% and 10% of samples

respectively.
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5.5 Experiments

This section explains our experiments to determine the performance of the proposed

model and to explore its robustness with respect to variations in dataset characteris-

tics.

5.5.1 Performance evaluation metrics

We used the same performance measures as those used in chapter 4 as follows:

• Dice Similarity Index (SI)

• Voxel-wise true positive rate (TPR)

• Voxel-wise false positive rate (FPR)

• Cluster-wise TPR

In addition to the above measures, we used 3 additional measures that were used in

MICCAI WMH Segmentation Challenge for evaluating model performance and for

comparison analysis (between regions/methods) in sections 5.6.3 and 5.6.4.

• Absolute volume difference (AVD) in percentage

• Cluster-wise F1-measure

• 95th percentile of Hausdorff distance measure in mm

Definitions of the above evaluation metrics are provided in appendix C.

5.5.2 Effect of training parameters on model performance

We used the NDGEN dataset for the initial optimisation of network parameters,

and for determining the number of epochs. We explored the effect of batch-size,

learning rate and epsilon (ε) value of the Adam optimiser on model convergence.

Batch size is the number of training data used by the optimiser at a given instance for

updating model parameters. The parameter ε is used in the denominator of the weight
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update function in the optimiser to avoid the divide-by-zero error. Learning rate

determines the extent of change/adjustment of weights with respect to the gradient.

We experimented with three batch sizes: 8, 16 and 32, and three ε values: 1× 10−2,

1× 10−4 and 1× 10−6. For learning rate, we tested the effect of following 3 settings:

1. Higher: Initially 1× 10−2, reducing by a factor 1× 10−1 every 2 epochs, till it

reaches 1× 10−4 and keeping it constant afterwards.

2. Medium: Initially 1× 10−3, reducing by a factor 1× 10−1 every 2 epochs, till

it reaches 1× 10−5.

3. Lower: Initially 1× 10−4, reducing by a factor 1× 10−1 every 2 epochs, till it

reaches 1× 10−6.

5.5.3 Ablation study: effect of the model dimension and loss
function on the segmentation performance

We performed an ablation study to determine the effect of model dimension (2D/3D)

and loss function on the segmentation results from the NDGEN dataset. We removed

one aspect of our model dimension at a time (from 3 planes to single plane, from 2D to

3D) and compared the performance with three different models: 3D U-Net, 2D U-Net

on axial slices only and the proposed TrUE-Net. We maintained the same training and

model parameters for all three options. In the case of the loss function, we removed

one component of the loss function at a time and compared the performance of TrUE-

Net with three cases of loss functions: cross-entropy loss, weighted cross-entropy loss

and weighted cross-entropy loss + Dice loss.

5.5.4 Leave-one-out evaluation of WMH segmentation

We performed leave-one-out (LOO) evaluation of our proposed model on the 3 cohorts

of the MWSC dataset (Utrecht, Singapore and Amsterdam), NDGEN and OXVASC

datasets, based on the performance metrics specified in section 5.5.1. We also de-

termined the performance of the model in the deep and the periventricular regions

separately, and performed paired t-tests to compare the results between regions. As
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in chapter 4, we adopted the 10 mm distance rule [33] for classification of PWMH

and DWMH (section 1.2.1, chapter 1).

5.5.5 Comparison with BIANCA

We compared the performance of our proposed model with BIANCA. Further, we also

studied the effect of adding attention gates (AGs) to the coarsest layer of abstraction

in TrUE-Net on the segmentation performance, when compared to the original model

and BIANCA. We performed this comparative analysis on MWSC cohorts, NDGEN

and OXVASC datasets, based on the performance metrics specified in section 5.5.1.

For BIANCA, we used the same features and training options specified in sec-

tion 4.2.3 of chapter 4, in addition to the default options [53]. Also, for all the above

datasets, we applied a global threshold value of 0.9 on the BIANCA lesion probability

maps to obtain the final binary lesion maps.

5.5.5.1 Effect of adding AG at the coarsest level of TrUE-Net (TrUE-
Net-Att)

We used the layer at the coarsest scale at the bottom of the U-Net for adding our

trainable AG. By adding the AG to the coarsest scale, we motivate the model to

learn the overall lesion distribution better. We used the AG architecture proposed in

[245]. Let f l =
[
f li
]i=n
i=1

be the feature map in a layer l where f l is the voxel vector of

length n with C channels. AG determines the attention weights al =
[
ali
]i=n
i=1

, where

ai ∈ [0, 1]. The weights al enhance the regions with salient features and down-weight

the false regions, when multiplied with the layer feature to provide an attention output

Alf =
[
alif

l
i

]i=n
i=1

.

Architecture: Figure 5.3 illustrates the TrUE-Net model with the AG (TrUE-Net-

Att) and the architecture of the AG layer for the axial U-Net (sagittal and coronal

U-Nets were modified in a similar manner). We used the coarsest layer of the decoder

after the maximum number of pooling layers for deriving our global feature, since

this layer has the largest spatial context/support. We applied 2 × 2 max-pooling

layers on the coarsest layer consecutively until it reached the dimensions of 1 × 1 ×
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512. This is the global feature g, which has minimum dimension but has the largest

spatial context of the input images. AG has two inputs (figure 5.3b): the global

feature g (1 × 1 × 512) and the feature representation F (32 × 48 × 256) at the

layer that needs refining. We applied a projection layer (convolution using 1 × 1

kernels, [210]) on the feature F to match the channel dimensions of g. The global

feature g was then added voxel-wise in the corresponding channels to the projected

output. The sum (SF , 32 × 48 × 512) was projected again into a single channel and

normalised to obtain the attention weights. The attention weights were multiplied

with the SF channel-wise to obtain the output of AG, AF (32 × 48 × 512). The output

AF replaces the skip connection output from the encoder and was concatenated with

the upsampled decoder layer at that level, as done normally in U-Nets.
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Implementation details: We used the same optimisation parameters and train-

ing/validation splits as those used for TrUE-Net. TrUE-Net-Att model was imple-

mented on an NVIDIA Tesla P100 GPU and took ≈ 130 minutes for training in all 3

planes for 15,000 training slices. During testing, each subject with an average of 45

slices took ≈ 6.3 seconds for the final prediction.

5.5.6 Harmonisation and domain adaptation: transfer learn-
ing and domain adversarial training

One of the most desirable attributes of a model is its generalisability across various

datasets. We have datasets from different domains, acquired using different scan-

ners and having different intensity characteristics. Figure 5.4 shows the t-distributed

Stochastic Neighbour Embedding (tSNE) plot [355] of datasets based on their FLAIR

and T1-weighted intensity values (after bias field correction, cropping and Gaussian

normalisation - refer to section 5.2.2). From the plot, it is evident that the datasets

are quite dissimilar from each other, forming individual domains, except for two sim-

ilarities (e.g. OXVASC and CADASIL, Singapore and Amsterdam) based on the

intensity values alone. In addition to intensities, there could be variations in the

acquisition protocols, for instance, OXVASC and CADASIL have different voxel di-

mensions, with maximum spatial resolution in a different plane (coronal instead of

axial) with respect to the other datasets. Given these variations between domains, we

tested the model’s generalisability and explored the possibility of data harmonisation

using various test cases. For these experiments, we considered the combination of

Utrecht and Singapore datasets as our source domain datasets, and the combination

of OXVASC and CADASIL as our target domain datasets, as shown in figure 5.5. We

started with the simplest case where the source model is directly applied to the tar-

get data. We then performed domain adaptation (DA) using two techniques: transfer

learning (TL) and domain adversarial training of neural networks (DANN). Finally,

we trained the model from scratch on the target domain and tested it on the target

data. The final case is generally expected to perform better (if trained on sufficient

data) since the model is trained on similar data.
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Figure 5.4: T-distributed Stochastic Neighbour Embedding (tSNE) plot showing the combined dis-
tribution of FLAIR and T1-weighted intensities for various datasets. The intensity values were
obtained after bias field correction, cropping and Gaussian normalisation, specified in section 5.2.2

We chose OXVASC and CADASIL for the target domain, since they are different

from other datasets in terms of their intensity profiles and acquisition characteristics,

as shown in the bottom panel of the figure 5.5. For the cases requiring training data

from the target domain, we used the CADASIL dataset for training. Since we did not

have manual segmentations for the CADASIL dataset, we used the LOCATE outputs

(from chapter 4) for training purposes. For reporting the results of all the cases on the

target domain, we used the OXVASC dataset as the target domain test dataset (the

table in figure 5.5) since it has manual segmentations and enables us to determine the

performance measures. Also, the OXVASC and CADASIL datasets were quite similar

to each other (suggested by their overlap in the tSNE plot in figure 5.4) compared to

other datasets and hence did not require to be combined together before the train/test

split, as done with the source domain datasets.

5.5.6.1 Case 1: Train on a source domain and apply directly to a target
domain

In order to determine the inherent generalisability of TrUE-Net, we trained the model

on the source domain datasets and tested the model directly on the OXVASC dataset
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Figure 5.5: Top panel: sample images from axial and coronal planes shown from the source (top
row) and the target (bottom row) domains. Bottom panel: the splits for training and test datasets
in the source and the target domain are provided in the table.

in the target domain.

5.5.6.2 Case 2: Transfer the model trained on a source domain to a target
dataset with fine-tuning

We trained TrUE-Net on the source domain datasets to get the source pre-trained

model. We later fine-tuned the model by training the model on the CADASIL dataset

(using LOCATE outputs as ground truth) from the target domain, starting with

specific layers. For fine-tuning we used a smaller learning rate (lower setting used in

section 5.5.2). Figure 5.6a shows the layer numbers for the U-Net model, with an

arrow at bottom indicating order of fine-tuning. Given L layers in total, ‘fine-tuning i

layers’ means that L − i layers before i were frozen and the layers from i towards the

decoder end were fine-tuned. For each fine-tuning we increased the number of training

subjects in the CADASIL dataset and measured the performance of each fine-tuned

model. Finally, we determined the best layer to start fine-tuning the model, and
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determined the effect of training data on the performance of the transferred model

applied to the OXVASC dataset.

5.5.6.3 Case 3: Unsupervised domain adversarial training on the source
and target domains

We implemented DANN as shown in figure 5.6b by adding a domain predictor to the

proposed TrUE-Net model. We added the domain predictor to the coarsest level of

abstraction after maximum levels of pooling, since it has high-level features. After

another 2 × 2 max-pooling layer, we added two fully connected layers (with 1024

and 100 nodes) at the end, followed by a softmax layer for domain prediction. We

added a gradient reversal layer between the feature extractor and the domain pre-

dictor. This reverses the direction of estimated gradients during back propagation,

leading to adversarial training with respect to domain prediction. In this model, the

domain predictor requires domain labels (i.e. source/target) for both source and tar-

get datasets. On the other hand, the label predictor requires manual segmentations

from source datasets only, making the model unsupervised with respect to the target

domain. Hence, the domain predictor makes the model domain invariant by con-

sidering data from both domains, while the label predictor optimises the model for

accurate WMH segmentation in both domains. We tested the DANN model on the

test datasets from the source and target domains (specified in the table in figure 5.5),

and measured model performance in each domain individually.

Implementation details: For the label predictor of the DANN model, we maintained

the same parameters that were used for the original TrUE-Net model. For the domain

predictor, we trained with the Momentum optimiser [356] with a momentum value of

0.9. We used a batch size of 16, with the same learning rate and number of epochs as

that of the label predictor, with values set empirically using a trial-and-error method.

The model was implemented on an NVIDIA Tesla V100 GPU and took ≈ 138 minutes

for training in all 3 planes for 14,000 training samples. During testing, each subject,

with an average of 50 slices, took an average time of ≈ 8 seconds.
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Figure 5.6: Transfer learning (TL) framework and domain adversarial neural network (DANN)
architectures. (a) Layer numbers indicated for the TL case. The arrow indicates order in which the
layers were unfrozen, (b) DANN architecture with TrUE-Net illustrating feature extractor (green),
label predictor (yellow) and domain predictor (red). For both (a) and (b), only the axial U-Net is
shown; note that the sagittal and the coronal models were modified similarly.

5.5.6.4 Case 4: Semi-supervised domain adversarial training on source
and target domains

For this experiment, we trained the DANN model (shown in figure 5.6b) in a semi-

supervised manner, wherein manual segmentations from a fraction of target training

data were used in addition to source training datasets for training the label predictor.

The remaining target training data is used only for domain prediction. Hence, the
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only change from the previous case is that we used a small proportion (25%, chosen

empirically, which amounts to 4 subjects) of the target training data, CADASIL, for

training the label predictor, in addition to the source training dataset. As mentioned

before, for CADASIL, we used BIANCA outputs thresholded using LOCATE (derived

in chapter 4) as ground truth segmentations for training. We tested the model on the

source and target domain test datasets (refer to the table in figure 5.5) to determine

source and target performance of the model individually.

5.5.6.5 Case 5: Train on the target domain from scratch and apply to
the target domain

For this case, we trained the TrUE-Net model on the CADASIL dataset and tested

the model on the OXVASC dataset, both of them from the target domain. This

differs from case 1 due to fact that the OXVASC and CADASIL datasets in target

domain, though not identical, are similar in several aspects: both of them are acquired

with the same scanner with the same protocol (hence similar voxel resolutions along

various planes) and have similar intensity characteristics, when compared to source

datasets. Hence, this case is expected to provide better results compared to case 1.

We studied the performance using DA techniques (case 2 to 4), compared to ap-

plying the source domain model directly to the target domain (case 1). We also

compared the segmentation performance between transfer learning (case 2) and do-

main adversarial training (cases 3 and 4). Finally, we observed the improvement in

the segmentation performance on target datasets when updating the model from un-

supervised to semi-supervised DANN (between case 3 and 4). For these comparisons,

we performed two-tailed paired t-tests between the individual pairs of test cases.

5.6 Results

5.6.1 Effect of training parameters on model performance

Figure 5.7 shows the loss function decay with different batch sizes, learning rates and

epsilon (ε) values. In all the cases, the model started to converge at approximately
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80 epochs.

Figure 5.7: Effect of training parameters on model convergence on the NDGEN dataset. Training
and validation loss decays have been shown for different (a) batch sizes, (b) epsilon (ε) values and (c)
learning rates. The plots shown in green correspond to the optimal values chosen for each parameter.

At a lower batch size of 8, the loss function became more noisy, but had lower

values. It has been shown that lower batch size has a regularisation effect during

optimisation, perhaps due to the noise they add to the training loss [357, 358]. The

increase in batch size often results in over-fitting, as evident from higher validation

loss values for batch sizes of 16 and 32 (figure 5.7a). Therefore, we chose a batch size

of 8 for our experiments henceforth.

As the ε value gets smaller in the denominator, the optimiser makes larger weight

updates leading to unstable optimisation, as shown in figure 5.7b for an ε value of

1 × 10−6. Having a reasonably large value of ε could make weight updates smaller

although at the cost of slower training. Since an ε value of 1 × 10−2 provided higher

loss values (with slightly unstable validation loss), we set the ε value to the optimal

value of 1 × 10−4 for the further experiments.

From figure 5.7c, for a lower learning rate, the loss decay was slower and hence

required more epochs for convergence. On the other hand, for a higher learning rate
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the loss values values converged before 20 epochs, although with higher loss values.

At the optimal learning, the loss decay was reasonably slow and converged to a much

lower loss value and also showed lower validation loss. Hence, we chose the optimal

learning rate (1× 10−3 to 1× 10−5) for our experiments henceforth.

5.6.2 Ablation study: effect of the model dimension and loss
functions on segmentation performance

Figure 5.8 shows a sample prediction, from all three planes, of our proposed model

compared with 3D U-Net and 2D axial U-Net.

The 3D U-Net detected the most straightforward bright PWMHs, which have high

contrast. The model missed most of the DWMHs and provided under-segmentation

or incorrect delineation of PWMHs (circled regions in figure 5.8c). We found that the

3D model missed more WMHs as the lesion load decreased, giving a poor segmen-

tation in low lesion load subjects. The 2D axial U-Net gave a better segmentation

when compared to the 3D model, but still lacked the contextual information across

slices. Hence, it missed parts of WMHs in some of the contiguous slices, leading to

discontinuities in WMH detection. An instance of this is shown in figure 5.8d, where

the discontinuity is clearly visible from the sagittal and coronal planes. The proposed

TrUE-Net model predicted WMHs using contextual information from all three planes

and provided a continuous and more accurate segmentation (figure 5.8e) using fewer

parameters compared with the 3D U-Net.

Figure 5.9 shows the effect of CE and Dice loss functions on TrUE-Net segmen-

tation performance for a subject with medium lesion load. While the effect of model

dimension is clearly visible, the effect of loss function is quite subtle and was observ-

able only along edges and very faint DWMHs. Since CE loss function aggregates

the loss values at individual voxels into an image-level value, it is generally biased

towards larger PWMHs, rather than DWMHs. As a result, the PWMHs were over-

segmented (figure 5.9c), and in some cases even extended to the normal ventricle

lining. Using weighted CE loss controls this behaviour, since it relies on the weight
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Figure 5.8: Effect of model dimension on the segmentation in the NDGEN dataset. An example
showing (b) manual segmentations against the results of (c) 3D U-Net, (d) 2D axial U-Net and (e)
TrUE-Net. Differences in lesion segmentations indicated by blue circles. The colour bar indicates
the WMH probability value at each voxel.

maps (described in section 5.3.2) prepared with prior anatomical information. There-

fore, DWMHs were given weights that were relatively similar to the ones given to

PWMHs, detecting more DWMHs and avoiding over-segmentation in periventricular
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Figure 5.9: Effect of loss functions on the segmentation performance in the NDGEN dataset. An
example showing (a) FLAIR images, (b) manual segmentations against the results of (c) cross-
entropy (CE) loss, (d) weighted cross-entropy loss and (e) weighted cross-entropy loss + Dice loss.
Differences in lesion segmentations indicated by blue circles and arrows. The colour bar indicates
the WMH probability value at each voxel.

regions (figure 5.9d). In general, we have a large imbalance between foreground and

background and aim to focus on detecting more true WMHs. Since missing the small

WMHs would make more difference to the Dice than to CE, our expectation would
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be that training the network with the Dice loss function is going to favour finding

small lesions and reducing false negatives. Therefore, combining the advantages of

both, adding the Dice loss to weighted CE loss function provided better segmentation

along PWMH borders and detection of faint, small DWMHs (figure 5.9). The effect

was particularly observable in low lesion load subjects, where the addition of the

Dice loss provided more precise segmentation, with fewer false positives. Figure 5.10

shows the effect of lesion load on SI (Dice) values of model segmentation using differ-

ent loss functions. Both loss functions showed positive correlation with lesion loads

(weighted CE: ρ = 0.51, p=0.02; weighted CE + Dice loss: ρ = 0.33, p=0.16). How-

ever, the combination of weighted CE and Dice loss showed less correlation compared

to the weighted CE loss alone (though the difference is not significant, p = 0.46), and

provided higher SI values for low lesion load subjects.

Figure 5.10: Regression plot of SI values with respect to lesion loads for weighted cross-entropy loss
(blue) and weighted cross-entropy loss + Dice loss (magenta), on the NDGEN dataset.

5.6.3 Evaluation of WMH segmentation performance

The results of leave-one-out (LOO) evaluations on the MWSC cohorts, NDGEN and

OXVASC datasets are illustrated by a few examples shown in figures 5.11 and 5.12.

In both high and low lesion load cases, TrUE-Net provided an accurate segmenta-

tion with respect to manual segmentation without detecting many false positives. In
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particular, TrUE-Net detected the deep lesions in the low lesion load cases, including

subtle ones (figure 5.11b and 5.12a). It is also worth noting that there is often a pos-

sibility of inconsistency in the manual segmentation, at times even resulting in faulty

delineation of lesions. For instance, in a high lesion load example from the Utrecht

cohort in figure 5.11, the posterior ventricles were included in the manual segmenta-

tion (indicated by a circle), while TrUE-Net successfully excluded the ventricles by

providing lower probability values in those regions.

Figure 5.13 shows the boxplots of performance metrics for the LOO validation on

the MWSC cohorts, NDGEN and OXVASC datasets. Table 5.2 shows the correspond-

ing performance values. TrUE-Net achieved its best performance on the Singapore

cohort, providing the best SI (0.81 ± 0.09), AVD (16.1 ± 15.2) and voxel-wise TPR

values (0.78 ± 0.10), while it provided the best cluster-wise TPR (0.74 ± 0.12) on

the NDGEN dataset. The model achieved the lowest FPR for the Amsterdam co-

hort, resulting in a higher cluster-wise F1-measure value, thereby achieving higher

sensitivity and precision.
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Figure 5.13: Boxplots of performance measures obtained from LOO evaluation on the Utrecht,
Singapore, Amsterdam, NDGEN and OXVASC datasets - (a) SI value, (b) voxel-wise TPR, (c)
cluster-wise TPR, (d) Absolute volume difference (AVD), (e) voxel-wise FPR, (f) cluster-wise F1-
measure and (g) 95th percentile of Hausdorff distance.
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Perf. metrics Utrecht Singapore Amsterdam NDGEN OXVASC

SI 0.74 ± 0.15 0.81 ± 0.09 0.78 ± 0.08 0.78 ± 0.06 0.78 ± 0.11

AVD (%) 28.4 ± 32.4 16.1 ± 15.2 21.9 ± 14.5 21.1 ± 11.2 20.4 ± 15.1

Voxel-wise TPR 0.75 ± 0.14 0.78 ± 0.10 0.71 ± 0.1 0.72 ± 0.10 0.70 ± 0.15

Voxel-wise FPR 3.8 × 10−4 2.0 × 10−4 0.7 × 10−4 3.5 × 10−4 3.1 × 10−4

Cluster-wise TPR 0.64 ± 0.14 0.58 ± 0.12 0.67 ± 0.13 0.74 ± 0.12 0.54 ± 0.13

Cluster-wise F1
measure

0.63 ± 0.08 0.60 ± 0.12 0.72 ± 0.11 0.60 ± 0.10 0.60 ± 0.11

H95 (mm) 4.9 ± 4.4 3.7 ± 4.4 3.5 ± 2.3 3.4 ± 1.8 3.9 ± 4.0

Table 5.2: LOO evaluation of TrUE-Net on the Utrecht, Singapore and Amsterdam cohorts of the
MWSC, NDGEN and OXVASC datasets (the best value for each measure across the datasets is
highlighted in bold).

5.6.3.1 Performance in deep and periventricular lesions

Figure 5.14 shows boxplots of the performance metrics for DWMHs and PWMHs for

the experimented datasets. Table 5.3 reports the corresponding descriptive statistics

of the performance measures in the deep and periventricular regions, along with the

p-values of the paired t-tests performed between DWMHs and PWMHs. The main

observations of the analysis were:

• Even though SI values in the periventricular region were higher in all datasets,

the differences were significant only for the Singapore cohort, NDGEN and

OXVASC datasets.

• AVD values were generally slightly higher for DWMHs when compared to

PWMHs for all datasets (and the value was significantly higher for OXVASC).

This is because of lower lesion volumes and smaller lesions in the deep region,

when compared to the periventricular region. For instance, AVD values of 25%

in the deep region corresponds to a lesion volume of around 600 mm3 while

the same value corresponds to a much higher value of around 3800 mm3 in the

periventricular region.
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Figure 5.14: Boxplots of performance measures obtained in the deep and the periventricular regions
for LOO evaluation on the Utrecht, Singapore, Amsterdam, NDGEN and OXVASC datasets - a)
SI value, (b) voxel-wise TPR, (c) cluster-wise TPR, (d) Absolute volume difference (AVD), (e)
voxel-wise FPR, (f) cluster-wise F1-measure and (g) 95th percentile of Hausdorff distance.

• Voxel-wise TPR values were higher in the periventricular regions, when com-

pared to the deep regions, in all datasets. This difference was significant in the

Utrecht, Singapore and OXVASC datasets.

• Similarly, voxel-wise FPR values were also higher in the periventricular regions
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when compared to the deep regions, with the difference significant for the Sin-

gapore, Amsterdam and OXVASC datasets.

• Interestingly, the difference in cluster-wise TPR values between DWMHs and

PWMHs did not show a consistent pattern across the datasets. For the NDGEN

and OXVASC datasets, cluster-wise TPR values were significantly higher in the

deep regions than those in the periventricular regions, indicating that fewer

lesions were missed in the deep regions. In general, the overall values were

comparable for the deep and the periventricular regions. However, the range

is wider for the periventricular regions compared to the deep regions. This

could be due to heterogeneity in the segmentation performance resulting from

inconsistencies in manual segmentation (e.g. inclusion/exclusion of ventricle

lining) of WMHs around ventricles.

• Cluster-wise F1 measures were significantly higher in the deep regions when

compared to the periventricular regions for all datasets, indicating that both

cluster-wise TPR and precision of WMH segmentation were higher in the deep

regions.

• The 95th percentile of Hausdorff distance values were higher in the deep regions,

when compared to the periventricular regions, the difference is significant for

all datasets except the Utrecht dataset.

Overall, we observed that the voxel-wise measures were higher in the periventric-

ular region, while the cluster-wise/lesion-level measures and SI values were higher in

the deep regions. This shows that the model provides better delineation of PWMHs,

while reducing the number of false positives in the deep regions.

5.6.4 Comparison with BIANCA

Figure 5.15 illustrates a few example cases, ordered according to decreasing lesion

load, showing segmentations obtained with TrUE-Net, TrUE-Net-Att and BIANCA,

with respect to manual segmentation.
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Utrecht Singapore Amsterdam NDGEN OXVASC
S

I

DWMHs 0.68 ± 0.15 0.68 ± 0.15 0.75 ± 0.08 0.70 ± 0.10 0.66 ± 0.18

PWMHs 0.76 ± 0.15 0.82 ± 0.12 0.70 ± 0.09 0.80 ± 0.06 0.79 ± 0.13

p-value 0.13 0.002 0.40 0.001 0.02

A
V

D
(%

) DWMHs 29.5 ± 24.1 36.4 ± 18.1 26.9 ± 14.9 28.7 ± 15.9 36.05 ± 23.8

PWMHs 32.6 ± 34.4 25.1 ± 45.1 22.9 ± 22.0 20.0 ± 11.2 17.5 ± 13.6

p-value 0.75 0.51 0.49 0.5 0.01

V
ox

el
-w

is
e

T
P

R

DWMHs 0.65 ± 0.13 0.59 ± 0.15 0.65 ± 0.12 0.58 ± 0.18 0.55 ± 0.19

PWMHs 0.77 ± 0.15 0.82 ± 0.09 0.72 ± 0.10 0.69 ± 0.17 0.72 ± 0.15

p-value 0.01 <0.001 0.08 0.06 0.01

V
ox

el
-w

is
e

F
P

R

DWMHs 6.6 × 10−5 4.1 × 10−5 1.9 × 10−5 5.9 × 10−5 6.2 × 10−5

PWMHs 3.1 × 10−4 1.6 × 10−4 0.5 × 10−4 2.3 × 10−4 2.4 × 10−4

p-value 0.09 <0.001 0.004 0.09 <0.001

C
lu

st
er

-w
is

e
T

P
R

DWMHs 0.64 ± 0.12 0.60 ± 0.09 0.65 ± 0.12 0.69 ± 0.15 0.57 ± 0.15

PWMHs 0.55 ± 0.24 0.56 ± 0.21 0.63 ± 0.15 0.48 ± 0.20 0.39 ± 0.16

p-value 0.16 0.57 0.48 0.002 0.003

C
lu

st
er

-w
is

e
F

1-
m

ea
su

re DWMHs 0.65 ± 0.11 0.68 ± 0.11 0.74 ± 0.17 0.66 ± 0.17 0.68 ± 0.13

PWMHs 0.55 ± 0.15 0.53 ± 0.15 0.66 ± 0.11 0.46 ± 0.15 0.47 ± 0.16

p-value 0.02 <0.001 0.04 <0.001 0.002

H
95

(m
m

) DWMHs 14.7 ± 18.3 10.1 ± 13.5 5.9 ± 4.9 10.5 ± 11.6 11.3 ± 12.17

PWMHs 6.1 ± 5.5 2.6 ± 2.6 3.3 ± 2.4 4.2 ± 3.2 3.0 ± 2.8

p-value 0.05 0.02 0.03 0.02 0.01

Table 5.3: Comparison of performance measures between PWMHs and DWMHs, along with p-values
of two-tailed paired t-tests on the Utrecht, Singapore and Amsterdam cohorts of MWSC, NDGEN
and OXVASC datasets (the best performance values and significant p-values highlighted in bold).

TrUE-Net provided more accurate segmentations when compared to BIANCA,

especially in the low lesion load subjects. From the figure, it can be observed that, as

the lesion load decreases, BIANCA detected more false positive regions, particularly
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Figure 5.15: Sample results for comparison of TrUE-Net segmentation with those of TrUE-Net-Att
and BIANCA. Manual segmentations (green) shown along with TrUE-Net (pale orange), TrUE-
Net-Att (magenta) and BIANCA (cyan). Top to bottom: decreasing order of lesion load from the
Utrecht (a,d), Singapore (c, e) and OXVASC (b) datasets.

around the ventricles (shown in figure 5.15a, d and e). Moreover, BIANCA overseg-

mented the lesions in the periventricular regions (figure 5.15b and c). TrUE-Net and

TrUE-Net-Att provided highly similar results with very subtle differences. In high le-
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sion load subjects, TrUE-Net-Att provided a slight undersegmentation of deep lesions

(circled regions in figure 5.15b and c), while as lesion load decreases TrUE-Net-Att

provided more precise segmentation.

Figure 5.16 shows the boxplots comparing the performance measures between

TrUE-Net, TrUE-Net-Att and BIANCA. The corresponding performance values are

reported in table 5.4. The results of paired t-tests between the individual pairs of

methods (TrUE-Net, TrUE-Net-Att, BIANCA) are shown in table 5.5.

TrUE-Net provided the best SI values for all the datasets when compared to

BIANCA (although none of the differences are significant). The AVD values of TrUE-

Net were lower when compared to BIANCA but the difference was significant only

on the OXVASC dataset. Even though BIANCA showed higher TPR values for most

datasets, none of the differences were significant. Voxel-wise FPR values of TrUE-Net

were lower compared to BIANCA for all datasets, with significant differences (both

≈ 85mm3) in the Singapore and Amsterdam datasets. While the cluster-wise TPR

values were higher for BIANCA in the Singapore, Amsterdam and NDGEN datasets,

the difference was significant only for the Singapore dataset. The higher values of both

TPR and FPR values indicates that while BIANCA detected more WMHs, it also

detected more false positives, thus leading to lower SI values, when compared to the

TrUE-Net model. This was more evident by higher cluster-wise F1-measures achieved

by TrUE-Net when compared to BIANCA in all datasets (all of them significant except

the OXVASC dataset). Also, TrUE-Net provided the best Hausdorff distance values,

while the distance values were higher for BIANCA (especially in the Utrecht and

OXVASC datasets), indicating oversegmentation of WMHs.

Addition of AGs did not provide much improvement over the TrUE-Net model,

and the performance was comparable in most cases. From tables 5.4 and 5.5, it can

be seen that while there were significant differences between the TrUE-Net models

and BIANCA, none of the performance values showed significant differences between

TrUE-Net and TrUE-Net-Att.
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Figure 5.16: Boxplots of performance measures obtained for TrUE-Net, TrUE-Net-Att and BIANCA
on the Utrecht, Singapore, Amsterdam, NDGEN and OXVASC datasets - a) SI value, (b) voxel-
wise TPR, (c) cluster-wise TPR, (d) Absolute volume difference (AVD), (e) voxel-wise FPR, (f)
cluster-wise F1-measure and (g) 95th percentile of Hausdorff distance.

Figure 5.17 shows the regression plot of SI values against lesion loads of the

datasets. BIANCA showed a positive correlation with respect to lesion loads (ρ

= 0.57, p <0.001) and provided lower SI values in low lesion load subjects, due to
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Utrecht Singapore Amsterdam NDGEN OXVASC
S

I

TrUE-Net 0.74 ± 0.15 0.81 ± 0.09 0.78 ± 0.08 0.78 ± 0.06 0.78 ± 0.11

TrUE-Net-
Att

0.74 ± 0.16 0.81 ± 0.07 0.77 ± 0.07 0.78 ± 0.06 0.76 ± 0.12

BIANCA 0.63 ± 0.22 0.74 ± 0.14 0.70 ± 0.09 0.77 ± 0.08 0.74 ± 0.11

A
V

D
(%

) TrUE-Net 28.4 ± 32.4 16.4 ± 15.2 21.9 ± 14.5 21.1 ± 11.2 20.4 ± 15.1

TrUE-Net-
Att

31.6 ± 39.0 15.4 ± 13.8 20.3 ± 12.8 21.1 ± 11.8 21.7 ± 13.8

BIANCA 60.7 ± 59.9 17.7 ± 30.9 32.3 ± 35.7 25.0 ± 13.1 40.8 ± 10.3

V
ox

el
-w

is
e

T
P

R

TrUE-Net 0.75 ± 0.14 0.78 ± 0.10 0.71 ± 0.10 0.72 ± 0.10 0.70 ± 0.15

TrUE-Net-
Att

0.74 ± 0.15 0.78 ± 0.10 0.75 ± 0.06 0.76 ± 0.05 0.69 ± 0.15

BIANCA 0.67 ± 0.26 0.76 ± 0.19 0.80 ± 0.12 0.80 ± 0.08 0.71 ± 0.08

V
ox

el
-w

is
e

F
P

R

TrUE-Net 3.8 × 10−4 2.0 × 10−4 0.7 × 10−4 3.5 × 10−4 3.1 × 10−4

TrUE-Net-
Att

3.9 × 10−4 1.9 × 10−4 0.9 × 10−4 3.1 × 10−4 2.8 × 10−4

BIANCA 4.3 × 10−4 3.6 × 10−4 3.5 × 10−4 4.6 × 10−4 5.3 × 10−4

C
lu

st
er

-w
is

e
T

P
R

TrUE-Net 0.64 ± 0.14 0.58 ± 0.12 0.67 ± 0.13 0.74 ± 0.12 0.54 ± 0.13

TrUE-Net-
Att

0.66 ± 0.15 0.65 ± 0.10 0.68 ± 0.11 0.76 ± 0.11 0.50 ± 0.13

BIANCA 0.63 ± 0.20 0.73 ± 0.09 0.73 ± 0.08 0.80 ± 0.06 0.59 ± 0.13

C
lu

st
er

-w
is

e
F

1-
m

ea
su

re TrUE-Net 0.63 ± 0.08 0.60 ± 0.12 0.72 ± 0.11 0.60 ± 0.10 0.60 ± 0.11

TrUE-Net-
Att

0.62 ± 0.10 0.60 ± 0.11 0.71 ± 0.09 0.59 ± 0.10 0.56 ± 0.11

BIANCA 0.46 ± 0.15 0.51 ± 0.10 0.63 ± 0.09 0.51 ± 0.12 0.58 ± 0.06

H
95

(m
m

) TrUE-Net 4.9 ± 4.4 3.7 ± 4.4 3.5 ± 2.3 3.4 ± 1.8 3.9 ± 4.0

TrUE-Net-
Att

5.0 ± 4.8 4.0 ± 4.6 3.8 ± 2.4 3.7 ± 2.6 4.2 ± 4.4

BIANCA 7.1 ± 7.3 3.8 ± 3.9 3.8 ± 2.6 3.7 ± 1.5 6.1 ± 3.6

Table 5.4: Comparison of TrUE-Net performance with TrUE-Net-Att and BIANCA on the Utrecht,
Singapore and Amsterdam cohorts of the MWSC, NDGEN and OXVASC datasets (the best perfor-
mance values highlighted in bold).

the increased false positives. TrUE-Net and TrUE-Net-Att provided slightly lower

positive correlations (TrUE-Net: ρ = 0.45, p<0.001 and TrUE-Net-Att: ρ = 0.44, p-

value<0.001) with respect to lesion loads. None of the correlations were significantly
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Utrecht Singapore Amsterdam NDGEN OXVASC
S

I

TrUE-Net vs
TrUE-Net-Att

0.90 0.82 0.97 0.90 0.80

TrUE-Net vs
BIANCA

0.28 0.56 0.06 0.39 0.65

TrUE-Net-Att
vs BIANCA

0.34 0.42 0.04 0.30 0.86

A
V

D
(%

)

TrUE-Net vs
TrUE-Net-Att

0.77 0.83 0.73 0.93 0.80

TrUE-Net vs
BIANCA

0.21 0.86 0.23 0.29 <0.001

TrUE-Net-Att
vs BIANCA

0.27 0.76 0.17 0.31 <0.001

V
ox

el
-w

is
e

T
P

R

TrUE-Net vs
TrUE-Net-Att

0.91 0.99 0.82 0.48 0.85

TrUE-Net vs
BIANCA

0.29 0.74 0.15 0.17 0.80

TrUE-Net-Att
vs BIANCA

0.33 0.74 0.18 0.06 0.62

V
ox

el
-w

is
e

F
P

R

TrUE-Net vs
TrUE-Net-Att

0.97 0.84 0.30 0.81 0.65

TrUE-Net vs
BIANCA

0.78 0.006 0.001 0.54 0.23

TrUE-Net-Att
vs BIANCA

0.84 0.004 0.006 0.40 0.18

C
lu

st
er

-w
is

e
T

P
R

TrUE-Net vs
TrUE-Net-Att

0.90 0.94 0.73 0.72 0.06

TrUE-Net vs
BIANCA

0.76 0.03 0.14 0.08 0.96

TrUE-Net-Att
vs BIANCA

0.69 0.02 0.07 0.12 0.05

C
lu

st
er

-w
is

e
F

1-
m

ea
su

re

TrUE-Net vs
TrUE-Net-Att

0.79 0.93 0.90 0.98 0.42

TrUE-Net vs
BIANCA

<0.001 0.01 0.02 0.002 0.81

TrUE-Net-Att
vs BIANCA

<0.001 0.007 0.01 0.002 0.68

H
95

(m
m

)

TrUE-Net vs
TrUE-Net-Att

0.93 0.81 0.72 0.67 0.83

TrUE-Net vs
BIANCA

0.26 0.96 0.67 0.48 0.11

TrUE-Net-Att
vs BIANCA

0.30 0.83 0.94 0.90 0.19

Table 5.5: Results of two-tailed paired t-tests (after multiple comparison correction) on the perfor-
mance measures between individual pairs of methods on the Utrecht, Singapore and Amsterdam
cohorts of the MWSC, NDGEN and OXVASC datasets (p < 0.05 highlighted in bold).
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different (TrUE-Net vs BIANCA: p = 0.27, TrUE-Net-Att vs BIANCA: p = 0.23 and

TrUE-Net vs TrUE-Net-Att: p = 0.93).

Figure 5.17: Regression plot of SI values with respect to lesion loads for TrUE-Net (brown), TrUE-
Net-Att (orange) and BIANCA (green) on all datasets combined together. The shaded region
represents the 95% confidence interval of the regression estimates.

5.6.5 Domain adaptation: transfer learning and domain ad-
versarial training

Figures 5.18 and 5.19 show some sample results for the test cases of domain adaptation

experiments for high and low lesion subjects from the OXVASC dataset, which is part

of the target domain. Table 5.6 reports the performance values of the test cases, while

figure 5.20 shows the boxplots of the measures. Table 5.7 reports the p-values of two-

tailed t-tests performed between the individual pairs of test cases on the OXVASC

dataset.

5.6.5.1 Case 1: Train on the source domain and apply directly to the
target domain

As shown in figures 5.18a and 5.19a, the source-trained model detected most PWMHs

while missing some DWMHs. However, even in the detected PWMHs, the model

undersegmented the boundaries. The segmentation was more precise in the low lesion

load cases. From the boxplots in figure 5.20 and the performance measures reported

179



Figure 5.18: Sample results of domain adaptation experiment test cases on a high lesion load subject
from the OXVASC dataset (target domain), along with manual segmentation (green).

in table 5.6, this case showed the worst performance among all the cases. This

case showed significantly lower voxel-wise TPR and significantly higher FPR when
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Figure 5.19: Sample results of domain adaptation experiment test cases on a low lesion load subject
from the OXVASC dataset (target domain), along with manual segmentation (green).

compared to other cases (table 5.7).
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Figure 5.20: Boxplots of performance measures obtained for various test cases of the domain adap-
tation experiment applied to the OXVASC dataset from the target domain - (a) SI values, (b)
cluster-wise TPR, (c) voxel-wise TPR and (d) voxel-wise FPR values.

Perf. metrics Case 1 Case 2 Case 3 Case 4 Case 5

SI 0.63 ± 0.21 0.67 ± 0.18 0.71 ± 0.17 0.71 ± 0.19 0.72 ± 0.18

Voxel-wise TPR 0.55 ± 0.22 0.77 ± 0.12 0.76 ± 0.14 0.77 ± 0.15 0.80 ± 0.10

Voxel-wise FPR 5.3 × 10−4 12.4 × 10−4 6.9 × 10−4 12.7 × 10−4 10.4 × 10−4

Cluster-wise TPR 0.60 ± 0.15 0.66 ± 0.17 0.72 ± 0.15 0.64 ± 0.14 0.69 ± 0.12

Table 5.6: Comparison of performance measures for 5 test cases on the OXVASC dataset from the
target domain (the best value for each performance measure is highlighted in bold).
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Case 2 Case 3 Case 4 Case 5
C

a
se

1

SI: p = 0.68
Voxel-wise TPR:
p < 0.001
Voxel-wise FPR:
p < 0.001
Cluster-wise TPR:
p = 0.18

SI: p = 0.25
Voxel-wise TPR:
p = 0.002
Voxel-wise FPR:
p < 0.001
Cluster-wise TPR:
p = 0.01

SI: p = 0.31
Voxel-wise TPR:
p = 0.002
Voxel-wise FPR:
p < 0.001
Cluster-wise TPR:
p = 0.47

SI: p = 0.32
Voxel-wise TPR:
p < 0.002
Voxel-wise FPR:
p = 0.002
Cluster-wise TPR:
p = 0.03

C
a
se

2

SI: p = 0.39
Voxel-wise TPR:
p = 0.79
Voxel-wise FPR:
p = 0.18
Cluster-wise TPR:
p = 0.25

SI: p = 0.49
Voxel-wise TPR:
p = 0.91
Voxel-wise FPR:
p = 0.76
Cluster-wise TPR:
p = 0.47

SI: p = 0.50
Voxel-wise TPR:
p = 0.49
Voxel-wise FPR:
p = 0.05
Cluster-wise TPR:
p = 0.61

C
a
se

3

SI: p = 0.90
Voxel-wise TPR:
p = 0.90
Voxel-wise FPR:
p = 0.08
Cluster-wise TPR:
p = 0.04

SI: p = 0.83
Voxel-wise TPR:
p = 0.36
Voxel-wise FPR:
p = 0.51
Cluster-wise TPR:
p = 0.42

C
a
se

4

SI: p = 0.94
Voxel-wise TPR:
p = 0.48
Voxel-wise FPR:
p = 0.02
Cluster-wise TPR:
p = 0.15

Table 5.7: Results of two-tailed paired t-test results (after multiple comparison correction) between
individual combinations of test cases on the OXVASC dataset (p < 0.05 highlighted in bold).

5.6.5.2 Case 2: Transfer the model trained on the source domain to the
target dataset with fine-tuning

For both high and low lesion load cases in the OXVASC dataset, segmentation results

improved with increased amounts of training data (figures 5.18b and 5.19b). For

instance, segmentation results with fine-tuning using 1 training subject showed the

worst results for both lesion loads, and improved with 7 and 15 training subjects.

This is also evident from the heatmaps of SI values, voxel-wise TPR and FPR values

shown in figure 5.21. The heatmaps show the values of various performance measures

(SI, TPR and FPR) for different numbers of training subjects and numbers of fine-

tuned layers. Between the number of training subjects and the number of fine-tuned
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layers, the effect of training data size was observed to be larger than the effect of

fine-tuned layers. All the performance measures showed best values for the largest

training size (15 subjects).

Figure 5.21: Heatmaps of performance measures corresponding to the number of training subjects
and the number of fine-tuned layers. The maps are shown for (a) SI values, (b) voxel-wise TPR
and (c) voxel-wise FPR values. Note that layers are numbered from the decoder to the encoder
end (figure 5.6). Layers 2 7 indicate the decoder arm and the encoder starts from layer 8 and
goes until layer 14. Given a number of fine-tuned layers, the layers prior to them in the encoder
end were frozen, and the remaining layers towards the decoder end were fine-tuned. The number of
parameters associated for individual layers has been reported (only for a single plane). For example,
if the final 5 layers are fine-tuned, the sum of top 4 values in the left column denotes the total
number of parameters fine-tuned per plane.

In figure 5.21a, the SI values were, generally, slightly lower when fewer layers in

the decoder arm were fine-tuned, and also when there was less training data. This is

because the fine layers at the top of the decoder contain low-level features that are

consistent across domains and do not change much with fine-tuning. However, the

SI values really started to increase from the case when fine-tuning was done in the

intermediate coarser layers (layers 5,6 and layers 10-12), with even a small amount of

training data. This is due to the rich domain-specific information at the intermediate
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layers. The increase in SI values were noticeably higher when encoder layers (layers 10-

12) were fine-tuned because of the higher context in the encoder features. Therefore

the visual results were better for the first 3 columns of figures 5.18b and 5.19b when

compared to their corresponding results in the last column (fine-tuned from layer

2). The best performance measures were obtained when the source model was fine-

tuned starting from layer 12 with 15 training subjects (table 5.6 and figure 5.20). In

this case, TL provided better performance than case 1 but gave lower SI values and

cluster-wise TPR values when compared to unsupervised DANN (however, none of

them are significantly different, as reported in table 5.7).

5.6.5.3 Case 3: Unsupervised domain adversarial training on source and
target domains

In the case of unsupervised DANN, the segmentation was better than both cases 1 and

2 as shown in figures 5.19c and 5.18c on the OXVASC dataset. The DANN model

detected more lesion voxels along the ventricles and lesion edges when compared

to the results obtained with a source trained model, and less false positives when

compared to the TL case involving more training data (especially in low lesion load

case, figure 5.19c and the third row of figure 5.19b). Even without using target labels

for training, the model provided better delineation of PWMHs, indicating the ability

of the model to learn domain-invariant features and provided better segmentation in

the target domain. The unsupervised DANN model achieved an SI value of 0.71 ±

0.17, a voxel-wise TPR of 0.76 ± 0.14 with an FPR of 6.9 × 10−4 and a cluster-wise

TPR of 0.72 ± 0.15 on the OXVASC dataset as shown in table 5.6 and figure 5.20.

Applying the unsupervised DANN model after adaptation on a source test dataset

(50% each of the Singapore and Utrecht), we achieved an SI value of 0.71 ± 0.15, a

voxel-wise TPR of 0.80 ± 0.14 with an FPR of 7.1 × 10−4 and a cluster-wise TPR

of 0.70 ± 0.12. Unsupervised DANN gave the best cluster-wise TPR, and the values

were significantly higher than those of case 1 (table 5.7). It also provided improvement

in SI, voxel-wise FPR and cluster-wise TPR compared to TL (case 2), however, the

differences in the performance measures were not significant.
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Figure 5.22: The effect of domain adaptation on the extracted feature distributions for source (red)
and target domains (blue). Top row: tSNE plots of the feature map values at the layer before the
domain predictor for the unsupervised DANN and the semi-supervised DANN (a) before and (b)
after adaptation. Bottom row: Similar tSNE plots at the layer before the label predictor.

Figure 5.22 shows the visualisation of the feature embedding values at different

layers within the unsupervised DANN, for the source and the target domains. From

the figure, it can be seen that the model brings the features from the two domains

much closer, both at the layer before domain prediction and the layer before label

prediction (figure 5.22a, b).
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5.6.5.4 Case 4: Semi-supervised domain adversarial training on the
source and target domains

In the case of the semi-supervised DANN, the addition of a fraction of the labelled

target data to label prediction did not provide noticeable improvement in the seg-

mentation performance over the unsupervised DANN. The improvement was subtle

on visual assessment, and observable mainly along the boundaries of PWMHs, as

shown in figure 5.19d and figure 5.18d. The semi-supervised DANN model achieved

performance measures similar to those of the unsupervised DANN: an SI value of

0.71 ± 0.19, a voxel-wise TPR of 0.77 ± 0.15 with an FPR of 12.7 × 10−4 and a

cluster-wise TPR of 0.64 ± 0.14 as provided in table 5.6 and figure 5.20. On the

source dataset the semi-supervised DANN model achieved an SI value of 0.65 ± 0.20,

a voxel-wise TPR of 0.82 ± 0.13 with an FPR of 10.1 × 10−4 and a cluster-wise TPR

of 0.70 ± 0.11. The overall performance of semi-supervised DANN was not better

than the unsupervised case, despite providing some labelled target data for training.

In fact, the cluster-wise TPR values were significantly lower than that of unsupervised

DANN (case 3) - see table 5.7. Similar to the unsupervised case, we observed that

the semi-supervised DANN also brings the distribution of extracted features from the

source and target domains close together as shown in figure 5.22.

5.6.5.5 Case 5: Train on the target domain from scratch and apply to
the target domain

Out of all the test cases, the result from the target-trained model (trained on the

CADASIL dataset) showed the best segmentation performance, as shown in fig-

ure 5.19e and figure 5.19e. Specifically this case performs better than case 1, since in

case 1 the model trained on the source datasets (i.e. Utrecht and Singapore) would

have learnt very different features with respect to the target test dataset (OXVASC).

However, in this case even though the model is trained on CADASIL (target training

dataset), the features learnt would be more similar to OXVASC (target test dataset)

compared to the source datasets. But even in this case, the results showed false

positive voxels in the high lesion load case, while the delineation of PWMHs was
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better than all the other cases. The target-trained model achieved the best SI value

as reported in table 5.6 and shown in figure 5.20 (although the difference is not sig-

nificantly different from the other cases, table 5.7). Unsupervised DANN (case 3)

provided comparable SI, slightly lower voxel-wise TPR, significantly lower FPR and

higher cluster-wise TPR values (tables 5.6 and 5.7).

5.7 Discussion and conclusions

In this work, we proposed a DL model using an ensemble of U-Nets, TrUE-Net,

for accurate WMH segmentation. We studied the effect of training parameters on

model optimisation and the effect of model dimension, loss functions and the addi-

tion of attention gate on the segmentation performance. We evaluated the overall

segmentation performance and the individual performances in deep and periventricu-

lar regions on various datasets. In addition, we also performed comparative analysis

between the proposed model and BIANCA. Finally, we studied the generalisability of

our proposed model across data from different domains, and tested various domain

adaptation techniques.

We observed that using a lower batch size results in noisy but lower loss values.

The lower batch size could be advantageous because of two reasons: lower compu-

tation load per batch (hence higher speed) and faster convergence due to the regu-

larisation effect of noisy gradient estimation. Firstly, using smaller batches reduces

the gradient estimation time per iteration. However, this would increase the overall

number of iterations per epoch, which brings us to the second advantage. Due to the

noisy nature of gradient estimation, during subsequent iterations, the cost function

fluctuates, and hence can get out of some spurious local minima and converge to a

better local minima quickly. This is not possible in larger batches, since the accumu-

lated weights force the optimiser to take larger steps, leading to sharper minimisers

and overshoot of the gradient values [357, 358]. Hence, smaller batch sizes lead to

quicker convergence in fewer epochs, despite more training steps per epoch. Addi-

tionally, they avoid over-fitting, as evident from the lower validation loss for a batch
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size of 8, compared to 16 and 32 (figure 5.7a). A batch size of 8 also requires less

computation memory, which is crucial in training ensemble models.

Regarding the parameter ε, we chose the value 1 × 10−4 as an optimal value for

further experiments, since it showed lower loss values. Since epsilon occurs in the

denominator of the weight update step, having a very low value results in higher

gradient updates, leading to unstable optimisation as shown in the case of 1 × 10−6

(figure 5.7b). In the case of learning rate, choosing a higher value results in earlier

convergence with higher loss values. On the other hand, lower values require more

epochs to converge due to smaller steps of the updates in weights. Hence, we chose

an optimal learning rate value between 1 × 10−3 and 1 × 10−6, figure 5.7c, for our

further experiments.

The model dimension has a very noticeable effect on the segmentation perfor-

mance. The 3D U-Net model provides better results for larger objects with rich

context. For instance, the 3D U-Net model detects most of the PWMHs lesions,

since they are larger and have more contextual information, but it failed to detect

smaller DWMHs (figure 5.8c) and does not handle well the discontinuities in manual

segmentations. The 2D model is more suitable for those cases, but the 2D model in

single plane alone is not sufficient to capture contextual information across slices and

hence often misses lesions in contiguous slices, resulting in discontinuous segmenta-

tion (figure 5.8d). Hence, the triplanar ensemble of 2D U-Nets are better than a single

plane 2D U-Net since the ensemble model has lower bias towards spurious detections

compared to its constituent single-plane models. Moreover, the triplanar model sees

data from different planes, thereby avoiding discontinuities in WMHs across consec-

utive slices and attenuating noise voxels. Finally, triplanar models are efficient in

detecting edge information, since the model views each WMH in a comprehensive

manner from all 3 planes. Hence using the triplanar model leads to both sensitive

and precise detection (figure 5.8e), with fewer parameters than the 3D U-Net model.

The effect of loss function on segmentation is quite subtle by visual assessment

when compared with the effect of model dimension. In general, we observed that
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CE loss is responsible for identification of the majority of lesions against the back-

ground voxels, while the Dice loss is more sensitive to smaller lesions and edges. We

observed that weighting the CE loss function with values based on distances from

ventricles and GM imparts more anatomical information, and additionally addresses

the class imbalance. This avoids over-segmentation of highly bright PWMHs and

under-segmentation of DWMHs (figure 5.9c,d). In addition, using the Dice loss also

results in the detection of more subtle deep lesions, giving more accurate segmenta-

tion (figure 5.9e) and makes the segmentation more precise (higher SI values in the

low lesion load subjects in figure 5.10).

The LOO evaluation of TrUE-Net on the MWSC cohorts, NDGEN and OXVASC

datasets shows that the overall performances are better for the Singapore and Ams-

terdam cohorts of the MWSC dataset when compared to other datasets. This could

be due to the fact that the above two datasets have more subjects with low lesion

loads. Although our model performs well in all cases, the performance is particularly

good in low lesion load subjects since the segmentation is more precise. This is also

consolidated by the fact that the Amsterdam cohort with the lowest mean lesion load

(≈ 10762mm3) shows the highest cluster-wise F1-measure (0.72 ± 0.11, table 5.2).

TrUE-Net detects more lesions, especially on the NDGEN dataset, showing the high-

est cluster-wise TPR value (0.74 ± 0.12, table 5.2). On the MWSC dataset, we

achieved mean performance measures of: SI = 0.77 ± 0.11, AVD = 22.01 ± 20.1,

cluster-wise TPR = 0.63 ± 0.13, cluster-wise F1-measure = 0.65 ± 0.11 and H95 =

4.0 ± 3.8. However, it is worth noting that, as in the case of any LOO evaluation

used to estimate performance, for each subject the training data used for the model

is slightly different and hence they cannot be summarised as the behaviour of a single

model. In the MICCAI WMH segmentation challenge [216], on unseen test datasets,

the 3 top performing methods achieved SI = 0.80, 0.78, 0.77; AVD = 28.7, 21.7, 18.3;

cluster-wise TPR = 0.84, 0.83, 0.73, cluster-wise F1-measure = 0.76, 0.70, 0.78 and

H95 = 6.3, 6.8, 7.2. Our model achieves comparable SI, AVD and H95 values with

respect to the challenge results, with a lower cluster-wise F1-measure and cluster-wise
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TPR values. However, this is not a direct comparison since the results reported by

the challenge were determined on independent test datasets, while our results were

obtained using leave-one-out validation on the MWSC training datasets that are pub-

licly available. Moreover, we retained the regions corresponding to other pathologies

for a more stringent evaluation, while these regions were ignored during evaluation in

the challenge.

When comparing the performance of our model in the deep and the periventricu-

lar regions, the trend of performance measures for DWMHs and PWMHs remained

consistent across datasets. In general, we observed that SI values and voxel-wise

TPR values are higher for PWMHs when compared to DWMHs. In the deep regions,

cluster-wise TPR is higher that in the periventricular regions. This shows that while

more DWMHs are detected correctly, they might not be delineated correctly, which is

also evident from higher cluster-wise F1-measure values (indicating more precise de-

tection) and higher Hausdorff distance in the deep regions (figure 5.14 and table 5.3).

At this point, it is worth remembering that manual segmentation is our gold standard

but not necessarily the absolute truth. Therefore these errors in the delineation of

DWMHs could be due to inconsistencies in manual segmentation (due to low contrast

and other confounders) rather than lower model sensitivity.

On comparing TrUE-Net with TrUE-Net-Att and BIANCA, we found that both

the ensemble models outperform BIANCA with significant differences in cluster-wise

F1-measure values in almost all datasets (except the OXVASC dataset). Overall,

we found that TrUE-Net achieves the highest SI values and the lowest Hausdorff

distance values for all datasets, and provides better segmentation in various lesion

load cases (figure 5.16). Both TrUE-Net and TrUE-Net-Att perform relatively well

in subjects with low lesion load, detecting less false positives than BIANCA. The

addition of AG slightly improves the lesion segmentation in low lesion load subjects.

Hence, for lesion segmentation in datasets with more healthy controls, AGs could be

added to TrUE-Net at the coarsest level for more precision, with a trade-off of higher

computational cost. For instance, addition of AG in the coarsest scale in our case
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resulted in ≈ 10,624,000 additional parameters, which is around twice the amount

of total parameters of the U-Net in a single plane. However, we observed from the

overall measures that TrUE-Net outperforms both the other methods, providing more

precision and better delineation of lesions.

In the experiments looking at model generalisability, for the case where we applied

the source trained model directly on the OXVASC dataset, we observed that the

model gave the lowest performance compared to the DA techniques. This is due to

the fact that source and target datasets are quite different from each other in image

resolution, pathology, intensity characteristics and lesion distribution, as shown in

figures 5.5 and 5.4.

For the TL case, as shown in the heatmaps in figure 5.21, we observed an im-

provement in the performance when more intermediate features from both encoders

and decoders (layers 4-6 and layers 10-12) were fine-tuned. This is because the in-

termediate layers in a network have been shown to capture domain-specific features

regarding small objects during visualisation [359, 303]. This is especially true for fine-

tuning layers 10-12, since the intermediate layers in the encoder arm provide better

context than those in the decoder arm. Generally, finer layers at the top often contain

low-level features (e.g. edges) that are domain invariant, and hence fine-tuning this

layer does not improve the target performance much. On the other hand, the coarsest

features at the bottom contain higher-level information such as lesion pattern, that

are slightly domain specific but are still fairly consistent across the domains.

On comparing the segmentation performance of the model transferred from the

source to target domain (case 2) and the DANN model, we observed that the unsu-

pervised DANN performed better than TL. From figures 5.18b, c, d and 5.19b, c, d,

even with a higher number of training subjects for TL, the DANN model provided

better visual results with less noise and more precise segmentation of boundary vox-

els. This was also reflected in the performance measures in table 5.6 and figure 5.20.

Fine-tuning in TL would require more data than we currently have in the CADASIL

dataset, even with augmentation, since the source and target datasets have different
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distributions. Another important factor to consider is the difference in lesion distri-

bution. We chose CADASIL and OXVASC as our target domain datasets, since they

have similar intensity profiles, voxel resolutions and were acquired with similar proto-

cols. However, typically CADASIL subjects have lesions within the external capsule

and anterior temporal lobes [40], while this pattern is absent in vascular subjects

in the OXVASC subjects. Hence, we observed more false positives in the anterior

temporal lobes for the transfer learning case on the OXVASC dataset. Unsupervised

DANN, on the other hand, does not require lesion labels from CADASIL dataset

and hence does not specifically capture the CADASIL lesion distribution. DANN

extracts domain invariant features (e.g. contrast between lesion and background,

distribution of PWMHs and so on) from both source and target datasets, resulting

in more precise segmentation and less false positives (especially in low lesion load

subjects, figure 5.19).

One of the main advantages of the unsupervised DANN model is that it does not

require manually labelled data from the target dataset. Even then, our main aim for

exploring the semi-supervised DANN, despite the additional manual labelling effort,

was to observe if there was any significant improvement over using an unsupervised

DANN on the OXVASC dataset. From figure 5.20 and tables 5.6 and 5.7, we observed

that the semi-supervised DANN does not provide any significant improvement over

the unsupervised DANN on source or target test datasets. In fact, the unsupervised

DANN provides better cluster-wise TPR values compared to the semi-supervised

DANN. This could be due to the use of limited number of the target training data

(25% of 15 subjects) used for label prediction. Also, by adding labelled CADASIL to

the source end, we might be slightly amplifying the impact of the lesion distribution in

anterior temporal lobes, leading to more false positives (almost similar to the transfer

learning case). From the data harmonisation viewpoint, we observed from the tSNE

plots that the unsupervised and semi-supervised DANNs bring the source and target

features closer together, resulting in a good domain adaptation. Hence, it is necessary

to weigh carefully the trade-off between improvement in segmentation performance
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and the amount of manual effort involved while choosing between unsupervised and

semi-supervised DANNs. Our current recommendation for domain adaptation would

be to use an unsupervised DANN when the amount of data is limited and there

is a higher variation within the target datasets. This is because we observed that

unsupervised DANNs handles both inter- and intra-domain variations better than

semi-supervised DANNs.

The unsupervised DANN and the model trained on the target dataset (CADASIL)

provided comparable performance on the OXVASC dataset (tables 5.6 and 5.7). Mod-

els trained on the same domain (or dataset) are expected to give better results, pro-

vided that there is sufficient amount of training data. For instance, we observed the

best SI value of 0.78 ± 0.11 (with lower FPR of 3.1 × 10−4, table 5.2) on the OXVASC

dataset during LOO evaluation done with a model trained on the same dataset, rather

than the CADASIL dataset. However with insufficient or slightly different data (e.g.

OXVASC vs CADASIL), domain transferred models have been shown to provide bet-

ter segmentation than the target model (trained from scratch) with careful fine-tuning

or using more data [271]. DANNs provide results on par with case 5, likely due to

2 reasons: 1. variations in the lesion distribution between CADASIL and OXVASC

datasets, 2. uncertainties in the labels on the CADASIL datasets. As we discussed

earlier, lesions in the anterior temporal lobes in CADASIL subjects lead to false detec-

tions in these regions in the OXVASC dataset. Secondly, we used LOCATE outputs

as our ‘manual’ segmentations for training the model. In chapter 4, we showed that

LOCATE provides better segmentation when compared to global thresholding values

considered optimal (0.9). Also, on visual assessment, LOCATE results were better

than the results of BIANCA obtained using a global threshold deemed ‘optimal’ by

an expert neurologist (0.2). However, there might still be uncertainties, especially

along the lesion boundary voxels in the ‘manual’ segmentation used for training.

Concluding, we found that our proposed model provided accurate segmentation,

with better performance than BIANCA, when evaluated on various dataset with dif-

ferent characteristics. We explored various DA techniques and found that DANN
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models perform better than TL even with limited data and differences in their distri-

butions. For further improving the robustness of the model, a potential future avenue

would be to explore various data harmonisation techniques that could work well with

a limited amount of data (e.g omni supervised learning, where predicted outputs are

used to train the model in a recurrent manner [360]). Also in the semi-supervised

DANN, a trial-and-error method could be used to determine the best proportion of

the target training data to be used for label prediction at the source end, towards

improving WMH segmentation in both domains. Another future direction could be

to further improve the segmentation performance of the model by applying LOCATE

to the probability maps obtained from the proposed model.

5.8 Summary

1. We proposed a triplanar U-Net ensemble network (TrUE-Net) for WMH seg-

mentation.

2. Our model performs better than BIANCA, as it is less noisy and more accurate,

especially in subjects with low lesion load.

3. Our comparison analysis between deep and periventricular regions show that

the model provided better delineation of PWMHs and detected more DWMHs

precisely.

4. On exploring various domain adaptation techniques to adapt the model from

a source to a target domain, we observed that unsupervised DANNs perform

better with limited data and provide results comparable to the model trained

on the target dataset.
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Chapter 6

Detection of cerebral microbleeds
in a large population

The work described in this chapter aims to provide a comprehensive end-to-end au-

tomated analysis of cerebral microbleeds (CMBs), starting with a pipeline for the

preselection of CMB candidate subjects, proceeding to a deep learning-based method

for CMB detection and finally an automated characterisation/rating of CMBs in in-

dividual subjects.

Section 6.1 explains the need for the development of an automated method for the

subject-level preselection and the object-level CMB detection, and describes various

deep learning (DL) concepts/approaches to be used in this work. Section 6.2 lists

various datasets used in this work and their preprocessing. Our proposed CMB

subject preselection pipeline and the relevant experiments are explained in section 6.3.

Section 6.4 provides an overview of our proposed DL-based method for the detection

of CMBs in individual subjects, and section 6.5 explains our method for automated

CMB rating. The results of our experiments are provided in section 6.6, followed

by the discussion of our results, conclusions and the potential future directions in

section 6.7.

The preliminary results of this work were presented at the 2019 OHBM conference

(Sundaresan et al., OHBM 2019).
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6.1 Introduction

CMBs are the areas of haemosiderin deposits due to micro-haemorrhages in the brain.

They appear as small, circular, well defined hypointense lesions ranging from 2 to 10

mm in size on T2*-weighted gradient recalled echo (GRE) images and are more promi-

nent on susceptibility weighted images (SWI). CMBs are associated with hypertension

and cerebrovascular disease, and also with Alzheimer’s disease and cerebral amyloid

angiopathy (CAA). However, due to their small size, contrast variations and other

mimics (e.g. blood vessels), CMBs are highly challenging to detect automatically. On

the other hand, exhaustive manual labelling of CMBs is difficult and time consuming,

especially in large datasets (e.g. the UK Biobank dataset). Hence it would be useful

to preselect candidate subjects in order to focus on those for manual labelling, which

is essential for training and testing automated detection tools on these datasets. In

this work, we propose an automated learning-based pipeline (section 6.3) for the pre-

selection of CMB candidate subjects from large datasets. We evaluate the pipeline

on datasets with different image modalities and in the presence of other pathological

signs. We then apply the pipeline on the UK Biobank dataset for CMB candidate

subject preselection.

At the single subject level, automated detection of CMBs to obtain voxel-wise

CMB maps would enable us to characterise CMBs (e.g. determining their count,

size and distribution). Moreover, detection of CMBs would aid in understanding the

relationship between their distribution and various clinical factors. Chapter 2 reports

various semi-automated and automated methods proposed for CMB segmentation.

CMB detection methods in the literature follow a well-defined pattern with feature

extraction, CMB candidate detection (and additional classification step at times)

and false positive (FP) reduction/removal. Some of the best performing methods in

the literature have used DL-based convolutional neural network (CNN) models for

feature extraction [300], candidate detection [301, 302, 278] and FP removal [301, 278],

occasionally with additional morphological operations for FP removal [278].
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In general, networks used features derived at multiple scales [309, 310, 314] for

more accurate object detection. Probabilistic networks [310] and weighted sum ap-

proach [311] have been used to combine features extracted at these multiple scales.

Another approach involved feature extraction from a lower scale and ‘zooming-out’

to obtain information from voxel- to image-level [314]. Additionally, several patch-

based approaches [311, 310, 217, 312] have been used for localisation of small objects

in images. One of those approaches, region based recognition [315, 316] has been

widely adopted in region-based CNN (R-CNN) models [303] and in their faster ver-

sions [304, 305, 307] for the detection of finer details in the images. In the initial

R-CNN framework [303], a selective search algorithm was used to select candidate

patches at different scales for feature extraction. Later, in the faster version [305],

CNNs were used for both automatic proposal of candidate patches (using a region pro-

posal network (RPN)) and for classification. However, the use of CNNs in the RPN

makes the network computationally intensive. Moreover, unlike the generic object

detection task, we have additional anatomical information regarding CMBs including

the fact that they are localised, small, hypointense structures. Hence, those informa-

tion could be used for extracting the ROIs, thereby avoiding the extra computation

required for RPNs. In general, multiscale feature extraction and patches have been

shown to provide accurate localisation of small objects [305, 311, 313, 314]. Hence, in

this work, we propose an automated 3D multiscale patch-based DL method for the

detection of CMBs at object-level (section 6.4), following the commonly adopted 3-

step approach (candidate detection, classification and FP reduction) in the literature.

Our method can be applied to any suitable input modality (T2*-weighted GRE or

SWI), and uses appearance based characteristics of CMBs for efficient ROI extraction

and initial candidate detection. For the first time to the best of our knowledge, we

evaluate our method on a pathological dataset consisting of other vascular signs with

characteristics similar to those of CMBs.

Once CMBs are detected, their characterisation in terms of size, count and spa-

tial distribution is a crucial step towards understanding their clinical impact. For
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instance, subcortical (deep) CMB are associated with cerebrovascular diseases, while

lobar CMBs are associated with CAA [63, 64, 68]. In clinical settings, CMBs are often

reported using rating scales, based on count and distribution of CMBs. As mentioned

in chapter 1, two manual rating scales are widely used: microbleed anatomical rating

scale (MARS) [73] and the brain observer microbleed scale (BOMBS) [74]. However,

similar to manual segmentation, manual rating of CMBs can be time consuming, es-

pecially in larger population studies. Hence, providing an automated rating according

to these scales would be useful to efficiently provide a clinically useful metric. Our

third aim was therefore to propose an atlas-based approach for the automated rating

of CMBs (section 6.5) according to the MARS scale. We initially evaluate our auto-

mated rating method using manual segmentation maps, and later validate our method

using the results of object-level CMB detection, on a pathological dataset. Finally,

we use our automated rating to further evaluate the performance of our object-level

CMB detection method.

6.2 Dataset details

In this work we used three datasets to evaluate the preselection pipeline and the

detection of CMBs. The datasets are diverse in their intensity characteristics and are

acquired using different protocols. A brief overview of the datasets is provided below.

For more details regarding MRI acquisition parameters, refer to appendix A.

• The Oxford Vascular Study (OXVASC) dataset: The dataset consists

of T2*-weighted GRE images from 40 participants from the OXVASC study

[323], who had recently experienced a minor non-disabling stroke or transient

ischemic attack (TIA). Age range 35.6 - 94.8 years, mean age 68.7 ± 15.5 years,

median age 67.4 years, female to male ratio F:M = 15:25. Out of 40 subjects,

20 subjects have CMBs and the corresponding manual segmentations available.

Total number of CMBs: 267, mean: 10.7 ± 1.13 CMBs/subject, median: 2

CMBs/subject. The median number of CMBs/subject is much lower compared

to the total number, since almost all subjects have very low CMB count (< 10)
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except one subject having 202 CMBs (shown in histogram of subject-level CMB

counts, figure 6.1a). A zoomed-in version of the histogram for the subjects with

CMB count < 10 is shown in figure 6.1b.

• The Tranexamic acid for IntraCerebral Haemorrhage 2 (TICH-2) trial

dataset: We obtained a subset of the dataset used in [80] through collabora-

tion with the TICH2 trial group [80, 81] at University of Nottingham, UK. The

dataset used in this work consists of 50 SWI from the subjects with sponta-

neous intracerebral haemorrhage. Age range 29 - 88 years, mean age 64.76 ±

15.5 years, median age 66.5 years, female to male ratio F:M = 24:26. Out of

50 subjects, 25 subjects have CMBs and manual segmentations for CMBs are

available for all 25 subjects. Total number of CMBs: 505, mean: 20 ± 32.6

CMBs/subject, median: 5 CMBs/subject. Additionally, MARS rating scales

were provided for the CMB subjects for both ‘definite’ and ‘possible’ cases

(shown in a sample MARS rating form in appendix D). For training and test-

ing purposes, we obtained the final manual segmentation maps by combining

the manually segmented CMB from both categories, for all our experiments.

Similar to OXVASC, the histogram of subject-level CMB counts in the dataset

(figure 6.1c) shows that most of the subjects have less than 10 CMBs (zoomed-in

histogram shown for subjects with CMB count < 10 in figure 6.1d).

• The Hong Kong dataset (HK): The dataset [301] consists of 320 SWI images

in total, out of which 126 are subjects with stroke (mean age: 67.4 ± 11.3) and

194 are from normal ageing subjects (mean age: 71.2 ± 5.0). In this work, we

have used a subset of 20 subjects that is publicly available from this dataset.

Manual annotations in the form of CMB coordinates are available for these 20

subjects along with the dataset. Hence, another rater independently provided

the manual segmentations on the dataset, and we considered the combination

of both the information of the coordinates and the manual masks as our final

ground truth. Total number of CMBs: 89, mean: 4.5 ± 4.4 CMBs/subject,
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median: 2 CMBs/subject. The histogram of subject-level CMB counts for this

dataset has been shown in figure 6.1e.

Additionally, we also used the UK Biobank (UKBB) dataset for applying our

subject-level preselection pipeline (described in section 6.3). Since the UKBB dataset

does not have manual segmentations available, we initially used a subset of images

from UKBB to evaluate the performance of our preselection pipeline by testing the

relationship between CMB count per subject and clinical factors known to be related

to CMBs (i.e. age and blood pressure). Details of data subsets and characteristics

are described in section 6.3.4.3. Later, we apply our final pipeline on a larger set

of UKBB data to obtain manual segmentations for further analyses. Details of data

subsets and characteristics are described in section 6.6.1.4.

6.2.1 Data preprocessing

We reoriented the T2*-weighted GRE and SWI images to match the orientation of

standard MNI space, in order to aid in further processing. We skull stripped the

images using FSL BET [335], followed by bias field correction using FSL FAST [336].

6.3 Pipeline for preselection of CMB candidate

subjects in big datasets

The automated pipeline for CMB candidate subject preselection takes T2*-weighted

GRE images or SWI as input and provides a subject-level decision of CMB/non-CMB

subjects. The pipeline consists of three steps: 1. removal of blood vessels and sulci,

2. voxel-wise detection of initial CMB candidates, 3. filtering of initial candidates

using shape-based attributes.

6.3.1 Removal of blood vessels and sulci

In the first step, we removed the blood vessels, sulci and other elongated dark struc-

tures in the input image to reduce the appearance of CMB mimics. Figure 6.2 shows
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Figure 6.1: Histograms of the subject-level CMB counts based on manual segmentations for the (a)
OXVASC, (c) TICH2 and (e) HK datasets. Since most of the subjects from OXVASC and TICH2
have CMB counts < 10, zoomed-in histograms are shown for those subjects with CMB counts < 10
for the OXVASC (b) and TICH2 (d) datasets.

the extracted features and a few samples of the vessel/sulci removed image. We ex-

ploited the elongated tubular structure of vessels/sulci to extract the following edge

and orientation-based features:

1. Frangi filters [361]: Frangi filters are based on multiscale second order local

structure of the image and denote the degree of vessel-like/edge characteristics

at each voxel. We extracted voxel-wise intensity values of Frangi filter output

as features (figure 6.2b).

2. The eigenvalues of structure tensor: Structure tensor is the covariance

matrix consisting of partial derivatives of the gradients [362]. The eigenvalues λ1
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and λ2 at each voxel indicate the edge strength at the voxel. We considered the

combination of principal eigenvalue λ1 and the linearity measure l = |λ1−λ2|/2

(figure 6.2c) at each voxel as features.

Figure 6.2: Features used for the vessel/sulci removal, along with a few samples of vessel/sulci
removed images. Top panel: (a) Input image, (b) Frangi filter output, (c) Structure tensor output
and (d) vessel removed image. Note that even the edges of the haemorrhages have been smoothed
out, aiding in false positive reduction. Bottom panel: A few instances of images shown in (e), along
with their vessel removed results in (f). The arrows indicate the areas of noticeable vessel/sulci
removal.

We used K-means clustering, an unsupervised learning algorithm on the above fea-

tures to classify voxels into 2 classes (vessel vs background). The detected voxels with

vessel-like structures and sulci are used as masks for inpainting. We filled the masked

regions with the intensity values similar to those in the non-masked neighbourhood

to remove linear dark structures from the input image.
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6.3.2 Voxel-wise detection of initial CMB candidates

In the second step, as shown in figure 6.3, we extracted the following 7 features at

each voxel on the vessel-removed image for the initial CMB candidate detection:

1. Intensity transformations (3 features): At each voxel, we extracted its in-

tensity value (figure 6.3a). Additionally, to obtain contrast enhanced intensity

features, we extracted the exponential of the intensity, setting the scale param-

eter value to 1 (figure 6.3b) and applied ‘contrast limited adaptive histogram

equalisation’ (CLAHE) with a clip limit of 0.01 on the input image to obtain

the CLAHE output at each voxel (figure 6.3c).

2. Fast radial symmetry transform (FRST) [363]: We performed FRST

with four radii of 2, 3, 4 and 6. We extracted the mean value of the outputs of

the above radii at each voxel as a feature (figure 6.3d).

3. The eigenvalues of structure tensor: We considered the principal eigen-

value λ1 of the structure tensor at each voxel (figure 6.3e).

4. Gaussian filter: We smoothed the vessel removed image I with a Gaussian

filter with σ = 1.5 (empirically determined to roughly match the size of CMBs)

to get a smoothed images IS. The difference Iδ = I−IS removes the background

and provides the sharper objects and blobs, and hence can be interpreted as

‘blobness’ measure. We obtained the above blobness measure Iδ (figure 6.3f) at

each voxel.

5. Laplacian of Gaussian filter (LoG): Since CMBs have well-defined edges,

we applied LoG, a second order derivative filter for edge detection, on the vessel

removed image and obtained the filtered output (figure 6.3g) at each voxel.

We normalised the above features individually by dividing by their maximum value

and use the normalised features for training a support vector machine (SVM) classifier

at the voxel-level to obtain an initial probability map PCMB. We then thresholded it

at a global threshold thprob of 0.8. The threshold value was determined empirically,
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Figure 6.3: Features extracted for the voxel-wise CMB candidate detection. Images showing (a)
Input intensity, (b) exponential transformed intensity, (c) CLAHE output, (d) fast radial symmetry
transform (FRST) output, (e) structure tensor output, (f) Gaussian filtered output and (g) Laplacian
of Gaussian (LoG) output. Inset figures show the magnified versions of the regions indicated in the
boxes.

based on the performance values (refer to the section 6.6.1.1 for more details and

results).

6.3.3 Filtering of initial candidates using shape-based at-
tributes

The small dark structures in the image other than CMBs (including noise and remain-

ing fragments of blood vessels) were detected as false positives (FPs) in voxel-level

classification. In this step, we used the following shape- and location-based object-

level attributes for reducing FP candidates as shown in figure 6.4:

1. Volume Vc of the candidate in mm3.

2. Ellipticity εc: The measure of elongated nature of an object. The value ranges

between [0,1] and a sphere has a value of 0.

3. Solidity Sc: The ratio between volume of the candidate and its convex volume.

The value ranges within [0,1] and a solid object (of any shape) has a value of
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1; this criterion removes the fragments of blood vessels that survived the vessel

removal step, since they would have low solidity (e.g. curved fragments and

intersection of vessels).

4. Diameter Dc of the candidate in mm.

We considered a candidate as CMB if: 5 mm3 < Vc <130 mm3, εc < 0.3, Sc >

0.5, 2mm < Dc < 10mm. The values for above criteria were chosen empirically by a

trial-and-error method based on the best performance using the measures specified

in section 6.3.5.

Figure 6.4: An instance of the shape-based filtering of initial candidates. (a) Input image with green
boxes indicating manually segmented CMBs, (b) vessel removed image and (c) result of the shape-
based filtering. In the output (c), blue boxes indicate the rejected initial candidates and yellow
boxes indicate the final CMB candidates predicted by the pipeline.

Preselection criterion: Finally, a subject is classified as having CMBs if the count

of the detected CMB candidates (including true positive and false positive candi-

dates) obtained after applying our pipeline exceeds an empirically set threshold value

ThNCMB. We experimented with various threshold values and set ThNCMB to 35

CMBs (for more details on the experiment and results, refer to sections 6.3.4 and

6.6.1).

6.3.4 Evaluation of CMB candidate preselection pipeline

We evaluated the proposed pipeline by training it using different datasets to study

the effect of training dataset characteristics on its performance.
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6.3.4.1 Case 1: Pipeline trained on OXVASC and evaluated on TICH2
data

We trained the SVM classifier of the pipeline on T2*-weighted GRE images from

40 subjects of the OXVASC dataset. We later evaluated it on the SWIs from 50

subjects of the TICH2 dataset. We determined the performance measures (specified

in section 6.3.5) at different values of the threshold ThNCMB, ranging from 25 to 75

CMBs in steps of 5, for plotting the ROC curve.

6.3.4.2 Case 2: Pipeline trained on TICH2 and evaluated on OXVASC
data

We trained the pipeline on SWI images from the TICH2 dataset and evaluated it on

the OXVASC dataset. We evaluated the model on T2*-weighted GRE images from

the OXVASC dataset using the metrics specified in section 6.3.5, applying different

values of threshold ThNCMB, ranging from 15 to 55 CMBs in steps of 5. We used

a lower range compared to case 1 due to the lower number of CMBs in the manual

segmentations of the OXVASC dataset.

6.3.4.3 Case 3: Application to the UKBB dataset

For the initial evaluation on the UKBB dataset, we considered a subset of UKBB,

UKBB-I consisting of 180 randomly selected subjects with age range 45 - 75 years,

mean age 58.5 ± 8.8 years, median age 60.1 years, female to male ratio F:M =

85:95 and blood pressure (BP) range: 94/58 - 202/114 mmHg, mean BP 141.7/86.6

± 20.1/12.3 mmHg, median 147/91 mmHg. We applied the above two instances

of our candidate selection pipelines, one trained on 40 subjects from the OXVASC

dataset (case 1) and another on 50 subjects from TICH2 dataset (case 2), on these

180 subjects chosen from UKBB-I dataset. We evaluated the pipelines by studying

the relationship between subject-level CMB counts and clinical/demographic factors.

We chose age and BP since they have been more commonly associated with CMBs

[98, 101, 63, 64] than other factors. We categorised subjects into three age-groups

(younger: age ≤ 50, mid: 50 < age ≤ 65 and older: age > 65) and two levels of BP
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(low: BP ≤ 120/80, high: BP > 120/80). We performed a one-way ANOVA test

with post-hoc pair-wise comparisons to determine the significance of the difference

in subject-level CMB counts among age groups. Similarly, we performed two-sample

t-tests for determining the significance of the difference in subject-level CMB counts

between two levels of BP.

6.3.5 Performance evaluation metrics for CMB candidate
subjects preselection pipeline

For the CMB candidate subject preselection pipeline, we used the following measures

(refer to the appendix C for more details) for evaluation:

• Subject-level true positive rate (TPR)

• Subject-level specificity

• Subject-level accuracy

We plotted subject-level ROC curves using TPR and false positive rate (FPR = 1 -

specificity) values.

6.4 Detection of CMBs on individual subjects

Figure 6.5 provides the block diagram of steps involved in the object-level detection

of CMBs. As an input for the proposed method, we considered the preprocessed

(section 6.2.1) and vessel removed (T2*-weighted GRE or SWI) 3D volumes (sec-

tion 6.3.1) and cropped the FOV of the volume close to the brain. As shown in the

figure, our CMB detection method consists of 4 main steps: 1. initial local maxima

identification for ROI extraction, 2. voxel-level CMB initial candidate screening with

3D multiscale encoder-decoder network, 3. object-level CMB candidate discrimina-

tion using a 3D classification network and 4. postprocessing for FP reduction.
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Figure 6.5: Overview of the CMB detection method. The original image shown along with (a) the
preprocessed image, (b) CMB candidates from the screening step, (c) candidates discriminated into
CMBs and non-CMBs and (d) the final candidates after FP reduction. The candidates rejected in
the object-level candidate discrimination step are shown in red, while the candidates that passed
this step are shown in orange. The final detected CMBs are shown in yellow.

6.4.1 Initial local maxima identification for ROI extraction

As widely used in the region-based recognition approach (refer to section 2.3.1.2) for

detecting smaller objects in an image, the first step is to identify small ROIs (that

are more likely to contain the objects of interest) in the image. We achieved this

by inverting the intensity values of the input volume (by subtracting the intensity-

normalised image from 1) so that CMBs have maximum intensities (to facilitate

easier computation in the later steps) and then identifying the local maxima Minit

on the intensity-inverted input volume. This avoids the use of more computationally

intensive methods such as RPNs [304, 305, 307]. The obtained local maxima points

Minit represents the centres of 3D ROIs to be extracted in the next step.
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6.4.2 Voxel-level CMB initial candidate screening with 3D
multiscale encoder-decoder network

In this step, we refined the initial local maxima points Minit to get the final local

maxima Mfinal and screened the image for obtaining the initial CMB candidate map

Pcand.

Figure 6.6 shows the block diagram of this step and the architecture of the 3D

encoder-decoder model used in the screening. We used a multiscale framework for the

local maxima refinement and detection of initial candidates. Our multiscale approach

consists of ROIs at 4 scales: 24 × 24 × 24, 32 × 32 × 32, 48 × 48 × 48 and 64 ×

64 × 64 voxels. We initially extracted ROIs at the largest scale (64 × 64 × 64) from

the detected local maxima Minit points. We applied a 3D encoder-decoder model

(explained in section 6.4.2.1) for the detection of initial CMB candidates within the

patches. We chose the largest scale, since the patches are large enough to overcome

the effect of local noise and assign higher probabilities to CMB-like regions. After re-

placing the estimated probability map patches back into the 3D volume, we extracted

the local maxima on the probability maps to obtain the final, more refined set of local

maxima Mfinal.

We then extracted ROI patches at three smaller scales (24 × 24 × 24, 32 ×

32 × 32 and 48 × 48 × 48) from the final maxima Mfinal. By extracting patches

at different scales, we ‘zoom-out’ the features at a given maximum point, therefore

simultaneously obtaining comprehensive information regarding both context and local

neighbourhood. We therefore applied the same 3D encoder-decoder model at the

corresponding 3 scales, obtaining three probability maps. We further reduced the

noise at different scales by averaging the probability maps at the two lower scales (24

× 24 × 24 and 32 × 32 × 32) and two higher scales (48 × 48 × 48 and 64 × 64 × 64)

separately. Finally, to extract the CMBs of different sizes, we obtained the maximum

(provides higher sensitivity to CMB candidates compared to averaging) of the two

averaged probability maps to get the candidate screening probability map Pcand.
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Figure 6.6: CMB candidate screening step. (a) Block diagram illustrating the multiscale CMB
candidate screening step, with (b) the architecture of the 3D encoder-decoder network based on
shallow U-Net, used at multiple scales.
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6.4.2.1 3D Encoder-decoder architecture

As shown in figure 6.6b, the architecture of the 3D encoder-decoder network at a

scale N is based on a shallow U-Net. We trimmed the U-Net to a shallow architecture

with 2 pooling layers, since CMBs are small and depend more on local neighbourhood

context, rather than image-level context. The single channel input is converted into

3 channels by the initial projection layer with 1 × 1 × 1 kernel, followed by 3 × 3 ×

3 convolution to get the initial filter channel depth of 64. The architecture consists of

two consecutive 3 × 3 × 3 convolutional layers followed by the 2 × 2 × 2 max-pooling

layer (in the case of encoder) or 2 × 2 × 2 upsampling layer (in the case of decoder).

We added a 1 × 1 × 1 convolutional layer before the final softmax layer for predicting

the probability maps.

6.4.2.2 Loss functions

Similar to WMH segmentation in chapter 5, we used a combination of cross-entropy

(CE) and Dice loss functions as the total loss function. In the CE loss function, for

higher scale 3D patches (48 × 48 × 48 and 64 × 64 × 64), we weight the CMB voxels

10 times than that of the non-CMB voxels during training to compensate for the

imbalance in the classes. Dice loss is based on the voxel-wise Dice similarity measure

and aids in the accurate detection of edges and small CMBs in the patches.

6.4.3 Object-level CMB candidate discrimination using a 3D
classification network

Since we aimed for high sensitivity in the initial screening step, we also detected

several CMB mimics (e.g. penetrating blood vessels and small haemorrhages in the

case of TICH2 dataset). Hence this step needs to be highly specific without reducing

the number of true CMBs. We have shown the workflow of this step in figure 6.7a.

As shown in the figure, we thresholded the probability map Pcand obtained from the

screening at the threshold Thcand of 0.7 (since the Dice loss function was trained for

this threshold value). We extracted 3D patches of size Sp = 24 × 24 × 24 mm, by

selecting an appropriate number of voxels based on the resolution. Note that, rather
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than extracting patches with a specified number of voxels, as we did in the previous

step, we selected the patches with a constant dimension in mm to standardise the

patch dimensions (irrespective of voxel resolutions) to CMB size. This would help in

rejecting the larger mimics (e.g. small haemorrhages, ends of the central sulcus and

so on) and vessels (especially in the z -dimension) and would also make the model

resistant to variations in voxel resolutions. We then predicted the probability Pdisc

of the patches containing CMBs using a 3D classification network. We applied a

threshold Thdisc of 0.5 on Pdisc for classifying CMB and non-CMB patches. We set the

threshold empirically based on the performance (refer to the results in section 6.6.2.2

for more details). Due to the high number of FPs in the previous step, there was

an extreme imbalance between the classes (number of FP patches at least 5-6 times

that of true CMB patches). In order to account for this imbalance, we sampled twice

as many non-CMB patches (sampled randomly from non-CMB brain areas) as the

number of true manually segmented CMB patches for training.

6.4.3.1 3D classification network architecture

The architecture of the 3D CMB classification network is shown in figure 6.7b. Our

classification network consists of a 3-layer deep encoder with two consecutive 3 ×

3 × 3 convolutional layers followed by a pooling layer in each level of abstraction.

The output of the third layer of the encoder is fed into dense fully connected layers

(FC). Three fully connected layers with 256, 128 and 32 nodes are then followed by a

softmax layer. We added dropout layers with keep probabilities of 80% and 50% before

FC-256 and FC-32 respectively. We used cross entropy loss function for training.
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6.4.4 Postprocessing for false positive reduction

We further reduced FPs by removing the stray noisy voxels and regions along edges

of the brain. On the final output, we rejected candidates that are closer to the skull

(< 3 voxels) and the spurious noise regions with volume less than a volume threshold

Vth (set empirically based on the performance, values for various datasets specified in

the results in section 6.6.2.2).

6.4.5 Experiment setup

6.4.5.1 Optimisation parameters

CMB screening network: We trained the network using the Adam Optimiser

[354] with epsilon (ε) value of 1× 10−4. For all the scales, we used a batch size of 8,

with an initial learning rate of 1 × 10−3 and reducing it by a factor 1 × 10−1 every

2 epochs, until it reaches 1 × 10−6, after which we maintain the fixed learning rate

value. We also empirically set the total number of epochs to 100. We observed that

while the two higher scales (48 × 48 × 48 and 64 × 64 × 64) usually converged in

less than 30 epochs, the lower scales (24 × 24 × 24 and 32 × 32 × 32) converged

at around 50 epochs. We used the truncated normal variable (with σ = 0.05) for

weights initialisation and the biases were initialised as constants with a value of 0.1.

We chose the above parameters empirically using a trial-and-error method, starting

from the best performing values observed for the WMH segmentation architecture

(refer to section 5.4.1).

CMB classification network: We used the same optimisation parameters as those

used for CMB screening network, and set the total number of epochs to 150. Also in

this case, we chose the above parameters empirically based on model convergence.

6.4.5.2 Data augmentation

Due to the small size of CMBs, transformations such as rotation and down-scaling

could result in the loss of CMBs in the augmented data patches. Hence, we chose

our data augmentation carefully, with minimal interpolation of intensity values and
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potential to inject variations in the data. We performed augmentation on the patches,

increasing the dataset size by a factor of 10, using random combinations of the fol-

lowing transformations: translation, random noise injection and Gaussian filtering

(with a small σ value). The parameters for the above transformations were chosen

randomly from the ranges mentioned in table 6.1. We used similar augmentation for

the discrimination step, increasing training data by a factor of 5.

Transformations Parameter ranges

Translation

Lower two scales:
x-offset: [-15, 15], y-offset: [-15, 15]
Higher two scales:
x-offset: [-25, 25], y-offset: [-25, 25]

Random noise injection Distribution: Gaussian, µ = 0, σ2 = [0.01, 0.04]

Gaussian filtering σ = [0.1, 0.2]

Table 6.1: Transformations used for data augmentation and their parameter ranges.

6.4.5.3 Implementation details

We implemented the networks in Python 3.6 using TensorFlow 1.11.0. The CMB

candidate screening network was trained on a NVIDIA Tesla V100 GPU, taking

around 25 mins, 35 mins, 60 mins and 120 mins for training scales 24, 32, 48 and

64 respectively, requiring a total training time of ≈ 250 mins for ≈ 25,000 training

patches. For testing, each subject took an average testing time of ≈ 7 seconds (on

GPU) for the prediction of Pcand map. The CMB candidate discrimination network

was trained on NVIDIA GeForce GTX 1080 Ti GPU, taking ≈ 10 mins for 20,000

training patches. The average prediction time was < 1sec for a subject. For both

the networks, the training and validation split was set to 90% and 10% of samples

respectively.

6.4.6 Ablation study: effect of individual scales in the CMB
candidate screening step

We performed an ablation study on the TICH2 dataset to determine the effect of

the individual scales on CMB detection in the candidate screening step. Hence,
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we removed one scale (28, 32, 48) at a time and compared the performance of our

candidate screening step. Finally, since the scale 64 is also involved in the refinement

of local maxima, we removed the scale 64 and the associated local maxima refinement.

Therefore in this case, we extracted other lower scales at Minit.

6.4.7 Initial evaluation on the TICH2, HK and OXVASC
datasets

We performed the initial evaluation on a subset of images from different datasets to

evaluate the performance of our method as a proof of concept, with limited compu-

tational resources. We performed 5-fold cross validation on 25 subjects from TICH2

(total CMBs: 185), 20 subjects from OXVASC (total CMBs: 214) and 20 subjects

from HK (total CMBs: 89). We evaluated the performance based on the metrics

specified in section 6.4.8. Additionally, we compared our performance with those of

existing CMB detection methods in the literature.

6.4.8 Performance evaluation metrics for CMB detection

We evaluated the CMB detection results using the following metrics for total num-

ber of CMBs over the entire dataset, as done in existing work [294]-[297] (refer to

appendix C):

• Cluster-wise TPR

• Average number of FPs per subject (FPavg)

• Cluster-wise precision

We used TPR and FPavg values for plotting a free-response ROC (FROC) curve,

which is a plot of TPR versus the average number of false positives per image/subject.
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6.5 Automated CMB characterisation and rating

6.5.1 CMB size estimation

From the clinical point of view, it is desirable to obtain the size of CMBs (in mm)

and distribution of CMBs in the individual regions of the brain. For example, deter-

mining the size of CMBs would help us in discriminating microbleeds (< 5 mm) from

macrobleeds (larger haematomas of size 5-10 mm) [27]. Microbleeds and macrobleeds

are shown to represent two separate categories of haemorrhagic events, with thicker

amyloid-positive vessel fragments leading to high microbleed counts in subjects with

CAA [364]. However, this is still an open area of research, and determining the size of

CMBs would help us in understanding the clinical impacts of microbleeds and mac-

robleeds in large datasets such as UKBB. To obtain the exact size of CMBs, within

the bounding box of the detected CMBs, we determined the major-axis length (the

longest diameter of an ellipsoid within the bounding box) of the individual CMBs (in

voxels) and later multiplied them with voxel dimensions to obtain the final diameters

in mm.

6.5.2 Automated MARS rating of CMBs

In table 6.2, we list the regions used in the MARS and BOMBS scales. As can be

observed from the table, the scales are quite similar, providing CMB ratings in the

deep, lobar and infratentorial regions of the brain. The only differences are the fact

that the MARS scale also provides CMB ratings in the individual lobes and that the

BOMBS scale classifies subcortical white matter as part of the lobar region, while

in the MARS scale, the white matter is classified as a part of the deep region. Out

of the two rating scales, we focus on the MARS rating scale for this work, since we

have manual MARS ratings available for the TICH2 dataset. Given the similarity of

the two scales, the equivalent ratings according to the BOMBS scale would be quite

straightforward to obtain. Our method for automatic CMB rating consists of two

steps: (1) extracting the regions (e.g. infratentorial) and structures (e.g. brainstem)

from MRI atlases and (2) counting the number of CMBs within each structure/region.
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BOMBS scale MARS scale Atlases

Infra-
tentorial

Brainstem Infra-
tentorial

Brainstem

Harvard-Oxford
subcortical structural
atlas [365, 366] (thr -
50)

Cerebellum Cerebellum
MNI structural atlas
[367, 368]

Deep

Basal ganglia∗

Deep

Basal ganglia∗
Harvard-Oxford
subcortical structural
atlas [365, 366] (thr -
50)Thalamus Thalamus

Internal capsule Internal capsule
JHU ICBM-DTI-81
white-matter labels
atlas [369, 370, 371]

External capsule External capsule

Corpus callosum Corpus callosum

Lobar

Sub-cortical
white matter

White matter
(deep)

Harvard-Oxford
subcortical structural
atlas [365, 366] (thr -
60)

Cortical lobes Lobar

Frontal lobe

MNI structural
atlas [367, 368]

Parietal lobe

Temporal lobe

Occipital lobe

Insular lobe

Table 6.2: CMB rating scales BOMBS and MARS, with the atlases used for the individual structures.
In case a probabilistic atlas was used, the threshold (thr) applied is reported in brackets. ∗Basal
ganglia = caudate + lentiform nuclei.

Table 6.2 reports the structures considered in the MARS scale (also shown in the

sample MARS rating form provided in appendix D) and the atlases in the MNI space

used for obtaining individual structures. While some of the structures were already

available as binary masks, we obtained a few structures from probabilistic atlases,

which we thresholded (values specified in the table) to obtain the final binary masks

for individual structures. We later registered the structures from the MNI space to

the subject-space using linear registration (unsuitable for non-linear registration in
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FSL due to the lack of a T1-weighted image) with FSL-FLIRT [337] and thresholded

them at 0.5 to obtain binary masks in the single-subject space. We performed a

morphological dilation operation (using a structuring element with the size of 3 vox-

els) on the cortical lobes mask, in order to increase the extent of cortex to include

the gray-white matter junctions as ‘lobar’ region. Also, deep structures such as in-

ternal/external capsules and corpus callosum were excluded from the white matter

mask since they were considered separately. Figure 6.8 shows sample MARS rating

regions from the structural atlases in the MNI space and in the subject space.

We then determined the voxel coordinates corresponding to the centroids of

CMBs and, within each structure, we counted the number of centroids to obtain

the structure-wise count of CMBs. We finally aggregated the number of CMBs to

provide region-wise MARS score.

6.5.3 Characterisation and MARS rating of CMBs on the
TICH2 dataset

We obtained the distribution of size for the detected CMBs on the TICH2 dataset,

and compared it with the one obtained from manually segmented CMBs. Similarly

to what we did for CMB segmentation, in this case we also considered ‘definite’ and

‘possible’ CMBs together, even if they were classified separately in the MARS ratings.

We initially obtained the MARS rating of CMBs from the manually segmented CMB

maps to evaluate the accuracy of the automated MARS rating method based on the

metrics specified in section 6.5.4. Later, we obtained MARS rating values for the

CMB detection results, and studied the performance of the CMB detection in terms

of outline errors of CMB segmentation (in case of true positive CMBs) and detection

errors (in case of false negatives (FNs) and FP CMBs).

6.5.4 Performance evaluation metrics for automated rating
of CMBs

For the evaluation of automated MARS rating of CMBs, we used the following met-

rics:

220



Figure 6.8: MARS rating regions from the structural atlases. (a) MNI T1-weighted structural
image, (b) regions for MARS rating formed by using atlases in the MNI space, (c) SWI in the
subject space, (d) MARS rating regions formed by registering atlases to the subject space. Legend
for various structures shown at the bottom panel (best viewed in colour).
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• Region-wise sensitivity

• Region-wise precision

• Region-wise F1-measure

• Accuracy

Definitions of the above evaluation metrics are provided in appendix C.

6.6 Results

6.6.1 Evaluation of CMB candidate subjects preselection
pipeline

6.6.1.1 Effect of threshold value for obtaining CMB candidates

Figures 6.9a and b show FROC curves on the TICH2 and OXVASC datasets for deter-

mining the threshold value thprob for the voxel-wise initial CMB candidate detection

(step 2) of the OXVASC-trained and TICH2-trained pipelines respectively.

Figure 6.9: Free-response ROC (FROC) curves for initial CMB candidate detection for (a) OXVASC-
trained pipeline on the TICH2 dataset and (b) TICH2-trained pipeline on the OXVASC dataset.
The circular markers indicate the points at which we achieve the best compromise between TPR
and FPs.

Since we will be applying, at a later stage, the shape-based filtering step (step

3) to further reduce the false positives and improve the specificity, we prioritised

achieving high cluster-wise TPR in this initial CMB candidate detection (step 2).
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For both the cases, we achieved the best performance at thprob value of 0.8. The SVM

classifier trained on the OXVASC dataset achieved a cluster-wise TPR of 0.906 with

FPavg of 210.6 on the TICH2 dataset, while the SVM trained on the TICH2 dataset

cluster-wise TPR of 0.86 with FPavg of 178.7 on the OXVASC dataset.

6.6.1.2 Case 1: Pipeline trained on OXVASC and evaluated on the
TICH2 data

Figure 6.10a shows the ROC curve for the prediction of CMB subjects at various

values of the threshold ThNCMB on the number of detected CMBs for individual

subjects. We achieved the best performance (indicated by the orange circular marker)

at ThNCMB value of 35 CMBs. Figure 6.10b shows the confusion matrix for true

and predicted CMB subjects at the best performance point of the ROC curve. We

achieved a subject-level TPR of 0.82, a subject-level specificity of 0.69 and a subject-

level accuracy of 74%.

Figure 6.10: Results of the preselection of CMB subjects using OXVASC-trained model on the
TICH2 dataset. (a) ROC curve for the preselection of CMB subjects with a circular marker in-
dicating the best performance point, (b) confusion matrix at the best performance point and (c)
histogram of CMB counts per subject predicted by the OXVASC-trained pipeline.

223



Figure 6.10c shows the histogram of CMB counts for individual subjects predicted

by the OXVASC-trained model on the TICH2 data. The non-smooth nature of ROC

curve, despite the subject-level sensitivity of 0.82, could be due to the non-Gaussian

shape of histogram and availability of fewer data (i.e. 50 subjects).

Figure 6.11 shows a few example cases of correct and false subject-level detec-

tions on the TICH2 dataset (manually segmented CMBs are indicated with green

boxes). Despite the presence of haemorrhagic lesions in all subjects, the pipeline

gave a sensitivity of 0.82 and an accuracy of 74%. From the figure, it can be seen

that our algorithm correctly predicted the subjects with a high number of CMBs

(figure 6.11a,b) as CMB candidate subjects. Similarly, if the subjects had small

haemorrhages and did not have CMBs (figure 6.11c, d), the pipeline predicted very

low number of CMBs (well under ThNCMB value of 35 CMBs). The border-line cases,

for example the subjects with 1-2 CMBs (as shown in figure 6.11e), were at times

incorrectly predicted as non-CMB subjects by the pipeline. Regarding the causes of

FPs in this dataset (figure 6.11e, f), small fragments of haemorrhages which are not

part of the big lesions produced most of the false positive CMBs.

6.6.1.3 Case 2: Pipeline trained on TICH2 and evaluated on the OX-
VASC data

Figure 6.12a shows the ROC curve for CMB candidate subject preselection by TICH2-

trained model on the OXVASC dataset. The confusion matrix corresponding to the

best performance point (indicated by blue circular marker) is shown in figure 6.12b.

As in the previous case, the model achieved the best performance for the threshold

value ThNCMB of 35 CMBs. The model provided a subject-level TPR of 0.74, a

subject-level specificity of 0.82 and a subject-level accuracy of 78%.

Compared to the previous case (figure 6.10c), the number of CMBs in the individ-

ual subjects is generally lower in this dataset (figure 6.12c). The number of subjects

with high CMB counts (> 50 CMBs) in the training dataset (TICH2) is higher than

that in OXVASC. Also, most of the images in the OXVASC dataset are borderline

cases (containing less than 5 CMBs) and resemble the non-CMB cases of TICH2.
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Figure 6.11: Examples of CMB subject preselection OXVASC-trained pipeline results. (a) and (b)
true positive CMB subjects, (c) and (d) true negative non-CMB subjects, (e) false positive prediction
of non-CMB subject and (f) false negative prediction of CMB subject. The green and orange boxes
indicate the manually segmented CMBs and false positives respectively. The CMB counts NCMB
are provided, along the number of true positives (NTP ) and false positives (NFP ).
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Figure 6.12: Results of the preselection of CMB subjects using TICH2-trained model on the OX-
VASC dataset. (a) ROC curve for the preselection of CMB subjects with a circular marker indicating
the best performance point, (b) confusion matrix at the best performance point and (c) histogram
of CMB counts per subject predicted by the pipeline.

Hence, the TICH2-trained model was more specific in detecting CMB subjects on the

OXVASC dataset, achieving a higher specificity of 0.82.

We have shown a few examples of true positive and true negative detections and

an example each for FPs and FNs in figure 6.13. As in the previous case, subjects

with high CMB counts (figure 6.13a and b) were correctly predicted as CMB sub-

jects. Also, the pipeline detected more true positive CMB subjects than the previous

case, even though most of them were in the borderline (refer to the CMB distribution

histogram in figure 6.1a). The pipeline correctly identified the non-CMB subjects,

despite the poor image quality, especially in the top slices (figure 6.13c and d). The

false detections were mainly due to the partial volume effect in the tissue-CSF inter-

faces, intensity variation nearer to the skull and vessel fragments remaining from the

vessel removal step.
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Figure 6.13: Examples of CMB subject preselection TICH2-trained pipeline results. (a) and (b) true
positive CMB subjects, (c) and (d) true negative non-CMB subjects, (e) false positive prediction of
non-CMB subject and (f) false negative prediction of CMB subject. The green and orange boxes
indicate the manually segmented CMBs and false positives respectively. The CMB counts NCMB
are provided, along the number of true positives (NTP ) and false positives (NFP ).
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6.6.1.4 Case 3: Application on the UKBB dataset

We applied both the OXVASC-trained and the TICH2-trained models on the UKBB-

I dataset and set the value of threshold ThNCMB to 35 CMBs since it gave the

best performance values for both cases 1 and 2. Out of the 180 initial subjects, the

OXVASC-trained pipeline identified 57 (31%) subjects with CMBs, while the TICH2-

trained pipeline identified 52 (28%) subjects, with an overlap of 42 (74% and 81% of

those identified in cases 1 and 2 respectively) predicted CMB subjects between both

the cases. Figure 6.14 shows boxplots of CMB counts predicted by the OXVASC-

trained model for 3 age groups (younger, mid and older) and two levels of BP (low,

high). Similar boxplots are shown for the TICH2-trained model in figure 6.15.

As shown in figure 6.14a and b, CMB counts increased with age and BP. On

performing a one-way ANOVA across 3 age groups, we found that the CMB counts

were significantly different among age groups (F = 14.46, p < 0.0001). Both mid and

older age groups had significantly higher CMB counts when compared to the younger

age group (p < 0.0001, figure 6.14a). Similarly, the two-sample t-test showed that

the CMB counts were significantly different (p = 0.02) between the 2 BP levels.

Figure 6.14: Boxplots of CMB counts in individual subjects predicted by the OXVASC-trained
model against three age groups (a) and two levels of BP (b) on the UKBB-I dataset. *p < 0.05, **p
< 0.001 and ***p < 0.0001 (after Bonferroni correction).
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Similarly, when the pipeline was trained using the TICH2 data, the one-way

ANOVA test across the 3 age groups shows that the CMB count was significantly

different between the age groups (F = 24.12, p < 0.0001). As in the case of OXVASC-

trained model, both mid and older age groups showed significantly higher CMB counts

when compared to the younger age group (p < 0.0001, figure 6.15a). Also, the CMB

counts for high BP were significantly higher than for the low BP subjects (p = 0.02).

The increase of CMB count with age and BP suggests the potential use of various

demographic and clinical factors in shortlisting the candidates. Hence, for the further

application of our pipeline, we select a second larger subset (UKBB-II) of UKBB by

applying demographic/clinical factors as the shortlisting criteria for our preselection

pipeline.

Figure 6.15: Boxplots of CMB counts in individual subjects predicted by the TICH2-trained model
against three age groups (a) and two levels of BP (b) on the UKBB-I dataset. *p < 0.05, **p <
0.001 and ***p < 0.0001 (after Bonferroni correction).

For UKBB-II, we considered initially 14,521 subjects (out of ≈ 20,000 subjects

from the January 2018 release of UKBB) having the required data fields. We later

selected subjects older than 74 years (corresponding to 95th percentile of subject ages

in UKBB, and is also the widely reported age limit above which CMBs occur [25, 97])

and obtained 751 subjects. Out of them, only 656 subjects had SWI scans available, of

which 465 subjects were selected after discarding the ones with missing/incomplete
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data. We applied the demographic/clinical factors that have been associated with

CMBs (specified in table 6.3) on the above 465 subjects and obtained 287 subjects

passing the criteria. Hence, UKBB-II consists of 287 subjects with age range 74.1 -

80.3 years, mean age 75.6 ± 1.04 years, median age 75.4 years, female to male ratio

F:M = 106:181 and blood pressure (BP) range: 102/50 - 221/106 mmHg, mean BP

141.3/76.6 ± 18.7/10.5 mmHg, median 139/76 mmHg.

Field IDs Factors Criteria

4079 Diastolic blood pressure > 90 mmHg

4080 Systolic blood pressure > 140 mmHg

20023 Mean reaction time (cognition) > 700 ms

20116 Smoking status Yes

25781 Total volume of WMH > 10,000 mm3

42008 Ischemic stroke Yes

Table 6.3: Demographic/clinical factors and criteria used for shortlisting the potential candidates
for applying our subject-level preselection pipeline. The values used as criteria for mean reaction
time and total volume of WMHs correspond to ≈ 90th percentile in their distribution.

We applied both cases of the pipeline on the UKBB-II dataset. Out of 287 subjects

in the UKBB-II dataset, OXVASC-trained and TICH2-trained pipelines predicted 201

(70%) and 195 (68%) CMB candidate subjects respectively, with an overlap of 182

predicted CMB subjects (90% and 93% of those identified in OXVASC-trained and

TICH2-trained pipelines respectively).

It can be observed that the proportion of CMB subjects predicted on UKBB-II

by the pipeline in both cases (70% and 68%) were higher than those in UKBB-I (31%

and 28%). As hypothesised, shortlisting based on age and BP considerably increased

the possibility of higher proportion of CMB subjects. In fact, most of the predicted

CMB subjects from the UKBB-I dataset were from its older, hypertensive subset. Out

of 180 subjects in the UKBB-I dataset, for 60 subjects with high age and BP (age

> 65 and BP > 120/80), we observed that OXVASC-trained pipeline and TICH2-

trained predicted 41 (68%) and 39 (65%) CMB subjects respectively, with an overlap

of 34 predicted CMB subjects (83% and 87% of those identified in OXVASC- and
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TICH2-trained pipelines respectively). Hence, with the application of criteria on age

and BP, the percentages of CMB candidate subjects preselected remained consistent

between the UKBB-I and II datasets. This suggests that utilising the demographic

and clinical factors would indeed be useful in further improving the efficiency of CMB

candidate subject preselection in the large datasets.

6.6.2 Evaluation of CMB detection

6.6.2.1 Ablation study: effect of individual scales in CMB candidate
screening step

Figure 6.16 shows the FROC curves obtained for the cases where individual scales

were removed in the ablation study on the TICH2 dataset. Table 6.4 reports the

results with the removal of individual scales, compared with the case when all the

scales are used to get the CMB candidates at the screening step. From the figure

and the table, it can be seen that the number of false positives decreased with the

removal of the lowest scale of 24, although with a corresponding decrease in cluster-

wise TPR. For the case where scale 64 was removed, the performance was much lower

than the rest of the cases with more false positives and low cluster-wise TPR due

to the additional removal of local maxima refinement step, which uses scale 64. The

initial maxima, Minit, were in general less accurate and were prone to detect spurious

peaks when compared to Mfinal. Hence we observed more false positives and less

sensitivity for this case (without scale 64). Overall, all the cases in the ablation study

led to lower performance than the one obtained with the combination of all scales.

6.6.2.2 Evaluation on the TICH2, HK and OXVASC datasets

Figure 6.17 shows FROC curves for the 5-fold validation at various stages of the CMB

detection methods on the TICH2, OXVASC and HK data subsets. The corresponding

performance values are listed in table 6.5. We achieved the best performance (indi-

cated by markers on the FROC curves) for thresholds of 0.7 and 0.5 on Pcand (for the

candidate screening step) and Pdisc (for the discrimination step) respectively, as spec-

ified in section 6.4. For the postprocessing step, the best performance was achieved

231



Figure 6.16: FROC curves for the ablation study on the TICH2 dataset by removing individual
scales in the CMB candidate screening step.

Test cases
Cluster-wise
TPR

FPavg

Without scale 24 0.80 105.4

Without scale 32 0.82 126.7

Without scale 48 0.82 143.4

Without scale 64 and local maxima re-
finement

0.67 130.2

CMB candidate screening with all
scales

0.87 121.07

Table 6.4: Results of test cases considered in the ablation study on the TICH2 dataset to observe
the effect of individual scales in initial CMB candidate screening step.

for the volume threshold Vth of 3 voxels for the TICH2 dataset and 5 voxels for the

OXVASC and HK datasets. From the figure and the table, the OXVASC dataset

achieved the best performance in all the steps. We obtained the highest number of

false positives with low sensitivity for TICH2 at the final stage. For all datasets, with

each step we observed a noticeable decrease in the number of false positives, although

with a small decrease in the cluster-wise TPR values.
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Figure 6.18 shows a few examples of visual results at various steps of CMB de-

tection for TICH2, OXVASC and HK datasets respectively. In general, the FNs were

mainly subtle CMBs located very close to either the skull or the vessels (and there-

fore removed because they were misclassified as vessel-like structures). The OXVASC

dataset has the least noisy images (due to less susceptibility effect in T2*-weighted

GRE images) out of all the datasets, and hence shows fewer false positives compared

to the other two datasets. In the case of TICH2, edges of haemorrhages and small

blood vessels were detected as false positives, while in the case of the HK dataset,

penetrating blood vessels, troughs of sulci and choroid plexuses in the ventricles were

the main source of FPs. It is worth noting that a few false positives were also due to

the oversegmented parts of true CMBs present in the contiguous slices above/below

(figure 6.18(2)).

Step
Dataset Cluster-wise

TPR
FPavg

Cluster-wise
precision

CMB candidate
screening

TICH2 0.87 121.07 0.05

OXVASC 0.88 82.04 0.10

HK 0.94 532.70 0.01

CMB candidate
discrimination

TICH2 0.82 58.64 0.09

OXVASC 0.86 49.60 0.16

HK 0.88 106.41 0.04

Postprocessing
for FP reduction

TICH2 0.80 25.01 0.19

OXVASC 0.85 9.56 0.49

HK 0.84 17.25 0.18

Table 6.5: Performance of the CMB detection method at various steps for the TICH2, OXVASC
and HK datasets (the best performance values highlighted in bold).
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Figure 6.18: Examples of CMB detection results on the TICH2 (1,2), OXVASC (3,4) and HK (5,6)
datasets. (a) Input image, (b) manually detected CMBs (shown in green), (c) CMB candidates from
the screening step (blue), (d) CMB candidates after discrimination (orange) and (e) the final true
positive CMBs (yellow) after postprocessing, along with the FPs (red).
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Methods

Datasets Performance

Sequence(s)
(# test

subjects)

Total
#

CMBs

CMB
screening

step

CMB
discrimination

step

FP reduction
step

ML
methods
Bian et al.,
[294] SWI (10) 304 FPavg - 287.7

Sens - 0.865,
FPavg - 44.9

Fazlollahi et
al., [295]

SWI (41) 103
Sens - 0.98,
FPavg - 695

Sens - 0.92,
FPavgCMB - 6.7
FPavgnCMB - 16.8

Fazlollahi et
al., [296]

SWI (66) 231

Sens - 0.97,
FPavgD - 669,
FPavgP+D -
1373

Sens - 0.87,
FPavgD - 10.28,
FPavgP+D - 27.8

Ghafaryasl
et al., [298]

T2*-GRE +
PD (81)

183
Sens - 0.98,
FPavg - 705

Sens - 0.92,
FPavg - 19

Sens - 0.91,
FPavg - 4.1

Dou et al.,
[297]

SWI (19) 161
Sens - 1.00,
FPavg - 807

Sens - 0.94,
FPavg - 190

Sens - 0.8,
FPavg - 7.7,
Prec - 0.49

DL
methods

Chen et al.,
[300]

SWI (5) 55
Sens - 0.96,
FPavg > 800

Sens - 0.89,
FPavg - 6.4,
Prec - 0.56

Dou et al.,
[301]

SWI (50) 117
Sens - 0.98,
FPavg - 282

Sens - 0.93,
FPavg - 2.74,
Prec - 0.44

Chen et al.,
[302]

3D SWI
patches (12) 377

At patch-level:
Sens - 0.94,
FPavg - 11.7,
Prec - 0.72

Liu et al.,
[278]

Phase +
SWI (41)

168
Sens - 0.99,
FPavg - 276.8

Sens - 0.96,
FPavg - 1.8

Proposed
method
(5-fold
validation)

TICH2 -
SWI (25)

185

Sens - 0.87,
FPavgP+D -
121.1,
Prec - 0.05

Sens - 0.82,
FPavgP+D - 58.64,
Prec - 0.09

Sens - 0.80,
FPavgP+D -
25.01,
Prec - 0.19

OXVASC -
T2*-GRE
(20)

214

Sens - 0.88,
FPavg - 82.04,
Prec - 0.10

Sens - 0.86,
FPavg - 49.60,
Prec - 0.16

Sens - 0.85,
FPavg - 9.6,
Prec - 0.49

HK - SWI
(20) 89

Sens - 0.94,
FPavg - 532.7,
Prec - 0.01

Sens - 0.88,
FPavg - 106.41,
Prec - 0.04

Sens - 0.84,
FPavg - 17.2,
Prec - 0.18

Table 6.6: Comparison of the performance of the proposed CMB detection method with the existing
methods. Sens - sensitivity, FPavg - Average false positives per image/subject, Prec - precision,
FPavgCMB - FPavg for CMB subjects, FPavgnCMB - FPavg for non-CMB subjects, FPavgD -
FPavg for ‘definite’ CMB subjects, FPavgP+D - FPavg for ‘definite and possible’ CMB subjects.
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6.6.2.3 Comparison with existing methods

Table 6.6 provides a comparison of our CMB detection method with the existing

automated methods. From the table, generally DL-based methods provided better

performance when compared with conventional ML methods. While the methods

using multiple modalities [278, 298] and patch-wise evaluation [302] provided better

results, the proposed method gave comparable results with those of [297], on T2*-

weighted GRE images from the OXVASC dataset. Also, our precision values on the

OXVASC dataset is better than most of the methods including [301, 294, 295, 296].

Also, we obtained better precision than most of the methods including [301] and [302].

In addition, our method provided a lower FPavg value for ‘definite and possible’ cases

on the TICH2 dataset, when compared with [296].

6.6.3 Characterisation of CMBs in the TICH2 dataset

6.6.3.1 Evaluation of CMB size estimation

Figure 6.19(a-c) shows the histograms of sizes (maximum diameter in mm) for manu-

ally segmented CMBs and detected true positive CMBs, along with the histogram of

the absolute difference in sizes between them. Figure 6.19d shows the Bland-Altman

plot for the CMB size difference between the automated method and manual seg-

mentations. A few CMBs were oversegmented with sizes ranging from 12 to 20 mm.

Around 35% of detected true positives differed from the manually segmented CMBs

by < 1 mm, and only 6% of CMBs (11 CMBs) had a difference > 6 mm. Most of these

cases were due to the nearest small fragments of vessels that were segmented along

with the CMBs. We obtained a mean absolute difference value of 2.0 mm between

the manually segmented and detected CMBs.

6.6.3.2 Evaluation of automated MARS rating of CMBs

Initial evaluation of atlas registration using manually segmented CMBs:

Figure 6.20 shows the confusion matrices between the manual and automated rating

obtained from manually segmented CMBs for the individual structures and the three
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Figure 6.19: Results of CMB size estimation. Histograms of (a) diameters of manually segmented
CMBs, (b) diameters of the detected true positive CMBs, (c) difference in the diameters between
the manually segmented and the detected true positive CMBs, (d) Bland-Altman plot for difference
in diameters between the automated method and manual segmentations. The diameter values are
shown in mm.

regions. We obtained a region-wise sensitivity of 1.00, 0.79 and 0.98, a region-wise

precision of 1.00, 0.90 and 0.95 and a region-wise F1-measure of 1.00, 0.84, 0.96 for

infratentorial, deep and lobar regions respectively. We obtained an overall accuracy

of 95%. The misclassifications between regions (e.g. infratentorial, deep) are lower

than those between the individual structures (e.g. basal ganglia) indicating that while

CMBs at the edges of the structures were misclassified at times, they were correctly

classified into the corresponding regions. The high values of sensitivity, precision and

F1-measure, especially in the infratentorial and lobar regions indicate that the atlas

registration from MNI to subject space was reliably accurate.

Evaluation of automated MARS ratings using the detected CMBs: We

determined the counts of detected CMBs for each subject within each structure, and

later determined the statistics of the subject-wise detected CMB counts, across all

subjects, as reported in table 6.7. Even though it is feasible to obtain the automated
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Figure 6.20: Confusion matrices for the automated CMB rating using manually segmented CMBs
on the TICH2 dataset for (a) individual structures and (b) the 3 main regions.

rating for all the detected CMBs as reported in the table, for our evaluation using

the confusion matrix, we used only true positive CMBs due to the availability of

manual ratings. On comparing the manual ratings with the automated rating of true

positive CMBs, figure 6.21 shows the confusion matrices for individual structures

and the three overall regions. The method achieved a region-wise sensitivity of 0.64,

0.79, 0.96, a region-wise precision of 1.00, 0.85, 0.91 and region-wise F1-measure of

0.78, 0.82, 0.93 for infratentorial, deep and lobar regions respectively, with an overall

accuracy of 91%. The F1-measure was high for the lobar region when compared to

the other two, indicating a more sensitive and precise rating in that region. The

increase in misclassifications compared to the manual segmentation case was due

to the over/under-segmentation of predicted CMBs in the region boundaries (hence

shifting the centroids to the adjacent regions).

Evaluation of CMB detection using the automated MARS scale rating:

Once we verified the reliability of our automated MARS scale rating on manually

detected and automatically detected true CMBs, we used this tool as a way to further
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Region Structure

Average of
subject-wise

count of
detected
CMBs

Proportion
of subjects

without any
detected

CMBs (%)

Maximum of
subject-wise

count of
detected
CMBs

Infra-
tentorial

Brainstem 0.07 96.3 2

Cerebellum 1.07 44.4 4

Deep

Basal ganglia 0.8 80.00 1

Thalamus 1.18 75.2 4

Internal capsule 1.14 85.8 2

External capsule 0.08 96.3 1

Corpus callosum 0.03 96.3 1

Deep white
matter

2.06 62.9 6

Lobar

Frontal 4.65 0.00 11

Parietal 7.18 0.00 17

Temporal 5.44 0.00 14

Occipital 1.87 14.8 11

Insular 1.5 18.8 8

Table 6.7: Automated CMB rating of detected CMBs the according to the MARS scale. Statistics
of subject-wise counts of detected CMBs (including TPs and FPs) are reported for each structure.

evaluate the performance of our CMB detection method. Figure 6.22 shows the

location of occurrence of FPs and FNs for the individual structures. From the figure,

it is evident that most of FNs occurred in the parietal and frontal lobes, while the FPs

occurred generally in the lobar region, mostly in the frontal, parietal and temporal

lobes. Most of the FPs in the TICH2 dataset were due to the presence of haemorrhages

that were mostly found in the lobar regions in the dataset, in addition to misclassified

cortical sulci in the lobar region.
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Figure 6.21: Confusion matrices for the automated CMB rating using the detected true positive
CMBs on the TICH2 dataset for (a) individual structures and (b) the 3 main regions.

Figure 6.22: Barplots showing the number of (a) false negatives and (b) false positives in the
individual structures from the CMB detection on the TICH2 dataset.

6.7 Discussion and conclusions

In this work, we developed an end-to-end automated framework for CMB analysis

in large datasets, starting from candidate subject preselection, to CMB detection, to

clinically-relevant scores. First, we proposed an automated pipeline for preselecting

CMB candidate subjects from the large datasets. We initially evaluated the proposed
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pipeline on the OXVASC and TICH2 datasets, and later applied the pipeline to the

UKBB dataset for preselecting CMB candidate subjects for manual labelling and

further analyses of CMBs. Second, we proposed a DL-based multiscale method for

detecting CMBs in individual subjects. We initially studied the effect of individual

scales and evaluated different steps of the method on the OXVASC, TICH2 and HK

datasets. Finally, to provide clinically-relevant outputs, we determined the sizes of

CMBs from the predicted CMB maps, and we utilised the information from structural

atlases to provide an automated rating of CMBs according to the MARS scale, both

at structure- and region-level.

Our preselection pipeline provided similar results for different training data, with

only a slightly better accuracy and specificity on the OXVASC dataset when compared

to the TICH2 dataset, while providing a lower subject-level TPR. The prediction of

CMB candidate subjects was more precise in the OXVASC dataset probably due to

the fact that the pipeline was trained using features extracted from SWI which is

highly sensitive to CMB and susceptibility artefacts. At this point, it is worth noting

that there are pros and cons with using T2*-weighted GRE or SWI sequences. In the

case of T2*-weighted GRE images (the OXVASC dataset), the susceptibility effect is

lower than in SWI and hence the number of FPs were low, providing high specificity

(0.82) but low cluster-wise TPR (0.74). On the other hand, SWI sequences (the

TICH2 dataset) are highly sensitive to CMBs and hence result in detection of more

CMBs, albeit with increased FPs as well, resulting in high cluster-wise TPR (0.82)

but lower specificity (0.69). In general, the number of subjects with high CMB count

is fewer in the OXVASC dataset, when compared to the TICH2 dataset (figure 6.1a

and c). Moreover, the presence of haemorrhages increased the number of FPs and

reduced the overall subject-level accuracy in TICH2 dataset. However, the similar

shape of the histograms of manually segmented CMB count and predicted number of

CMBs/subject (figures 6.1c and 6.10c) indicate that the pipeline correctly detected

more CMBs on true CMB subjects.
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On training the pipeline on OXVASC (case 1) and TICH2 (case 2) datasets and

applying them on the UKBB-I dataset, we observed that the predicted number of

CMBs/ subject increased with age and BP. These results are in line with the existing

knowledge that the risk of CMB is higher at older age and higher BP [285, 27, 64].

In both UKBB-I and II datasets, we observed that in both the cases the pipeline

predicted higher number of CMB candidate subjects (68%, 65% in UKBB-I and 70%,

68% in UKBB-II) among the older and hypertensive population. The increase in

CMB counts with age and BP demonstrates the potential utility of our pipeline along

with demographic factors for CMB candidate subject selection in large datasets, even

when manual segmentation is unavailable. While the preselected subjects could be

used for manual labelling from methods perspective, from clinical point of view the

pipeline could be used to flag the images as possible CMB subjects. This could be

further used in determining a preliminary CMB or small vessel disease (SVD) score

as done in [372].

In the CMB detection method, we used a 3-step framework for the object-level

detection of CMBs. For the screening step, we applied 3D encoder-decoder networks

at multiple scales with a local maxima refinement at the largest scale. We used CNNs

extracting features at multiple scales instead of hand-crafted features used in the sub-

jects preselection pipeline. This is because, while at the preselection stage the main

aim was to identify the possible subjects with CMBs, in the CMB detection we aim

for more accurate localisation of individual CMBs. For this aim, CNNs provide more

comprehensive information regarding the location and context of CMBs when com-

pared to a limited set of hand-crafted features. We later discriminated the detected

CMB and non-CMB patches using a 3D network, followed by a postprocessing cleanup

step. The ablation study on the effect of individual scales in the candidate screening

shows that the lower scales aided in the detection of more CMBs, but also resulted in

more FPs. Since, the lower scales only consider the local neighbourhood, they do not

have a wider context and location related information regarding the CMBs. Hence

they lead to the detection of more FPs, which is controlled by the averaging step.
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The highest scale 64 is the most crucial scale since, apart from reducing FPs, it also

helps in the refinement of local maxima.

On the 5-fold initial evaluation of the method on the OXVASC, TICH2 and HK

datasets, we observed that the proposed method achieved the best performance on the

OXVASC dataset. The highest number of FPavg was obtained on the TICH2 dataset

due to the presence of haemorrhages, susceptibility artefacts and the edge artefacts

closer to the skull. In general for all datasets, but especially for HK dataset, FPavg are

reduced drastically in both candidate discrimination (≈ 5 times) and postprocessing

steps (≈ 10 times). This shows that both the later steps, especially the postprocessing

cleanup step is really crucial for improving the overall specificity since it removes the

stray noise voxels. Using T2*-weighted GRE images, the proposed method gave a

performance comparable with [297] and provided better precision than [301]. The best

performances have been observed for the methods using SWI alone or in combination

with other modalities. However, our method shows that comparable performance

could be achieved even for T2*-weighted GRE images (despite their lower sensitivity

towards CMBs compared to SWI), without adding other modalities. However, our

method provides much lower precision for SWI modality, indicating the detection

of more false positives compared to existing methods using SWI images. Also, we

observed that our methods provided lower FPavg in the initial candidate screening

step than most of the existing methods, indicating a highly precise detection from an

earlier stage.

As clinically relevant applications, we extracted the size (diameter) of the CMBs

and automatically calculated the MARS score. On comparing the CMB sizes, we

obtained the mean absolute difference of 2.0 mm between the diameters of the man-

ually segmented and the predicted true positive CMBs. We also observed that in ≈

35% of CMBs (65 CMBs), the absolute difference was < 1mm. Regarding the auto-

mated rating of CMBs based on MARS scale, we initially evaluated the automated

rating method on manually segmented CMBs and achieved an overall accuracy of

95%, with higher region-wise F1-measures for infratentorial (1.00) and lobar regions
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(0.96). From the confusion matrices in figure 6.20, we observed that the performance

measures obtained for the three main regions were higher than the those of individual

structures. This suggests that even though misclassifications of CMBs occur between

adjacent structures, the method is robust at the region-level. These misclassifications

at the structure-level mostly occur near the boundaries of individual structures and

could be due to registration errors and size of dilation kernels used in the automated

rating method. Achieving a high region-level accuracy is of importance since clinical

impacts of CMBs are studied often at the region-level. For instance, lobar CMBs

are associated with CAA and Alzheimer’s disease, while deep CMBs are associated

with cerebrovascular diseases [63, 64, 68, 65]. For the evaluation of the automated

rating with detected CMBs, it is possible to obtain the ratings for all the detected

CMBs (including TPs and FPs) as shown in table 6.7. However, since our evaluation

using the confusion matrix requires manual ratings, we considered only true positive

CMBs. In this evaluation, we observed an overall accuracy (of the ratings) of 91%,

with higher region-wise sensitivity, precision and F1 measure in the lobar region. This

high performance could be due to the fact that we consider the white-gray matter

junctions as a part of lobar region, since that aligns more with the clinically provided

manual rating. Similar to the case of manually segmented CMBs, the performance

for the detected true positive CMBs is more accurate at the region-level than at the

individual structure-level. However, the accuracies are in general lower compared to

the manually segmented case due to an additional factor of errors in the CMB seg-

mentation. Regarding the FPs obtained from the method, we observed more FPs in

the lobar regions (especially in the frontal, temporal and parietal lobes) indicating

that the possible source of FPs could be the edge artefacts close to the skull and the

troughs of the cortical sulci. FNs were mostly the subtle and small CMBs, especially

when they occur closer to the blood vessels.

6.7.1 Future work

The next step for this work would be to perform the preselection pipeline, CMB

object-level detection and characterisation (counts, size and rating) on the entire
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UKBB dataset. For this purpose, starting from the preselection pipeline, among the

predicted CMB and non-CMB subjects, 60 subjects (50 predicted as CMB subjects,

5 predicted as non-CMB subjects and 5 borderline-cases) will be manually labelled

by expert neuroradiologists for the validation of our pipeline. The manually labelled

images can also be used to train the automated CMB detection method on the UKBB

dataset. Another potential option for future work would be to enable adaptive tuning

of various criteria values (e.g. volume, ellipticity) in the pipelines based on the dataset

characteristics and demographic factors, to avoid setting the values empirically.

In the case of a CMB detection method, the possible ways of improving the per-

formance include utilising atlas-based anatomical information for FP reduction and

varying patch-sizes. Also, the multiple scales in the screening step could be com-

bined in a more efficient way as done in [59] for WMHs (where a single network was

built by fusing different scales at the FC layer). Based on the distribution of FPs,

the anatomical regions/structures/coordinates could be added as priors or could be

used for weighing the loss functions in the initial candidate screening step. Also, the

main challenge in the discrimination step is the imbalance in the CMB and non-CMB

training samples. Possible developments in that direction could be to use synthetic

sampling (SMOTE) and GANs to create more instances of CMB-like samples result-

ing in more balanced training data. More selective and rigorous data augmentation

techniques and loss functions for class rectification [373] might also help overcome the

class imbalance problem. Also, currently we refine the local maxima only once, using

the highest scale of 64. However, this refinement step could be recurrently included in

a training epoch, creating a more computationally efficient and anatomically relevant

‘region proposal network ’ similar to those used in [303, 304, 305] and [307]. Another

possible direction to look into is to use adaptive thresholding techniques similar to

LOCATE to estimate the thresholds for CMB probability map from the screening

step at subject-level or region-level based on the dataset characteristics. Similar to

the subject-level CMB detection pipeline, an immediate next step for the voxel-level
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CMB detection could also include extensive validation on a large dataset such as the

UKBB and data harmonisation by using various domain adaptation techniques.

Also, another more clinically-oriented future direction could be to study the re-

lationship between the distribution of CMBs in the individual regions and various

clinical/demographic factors, to further understand the risk factors and the impact

of these SVD signs. The results could in turn be used for further improving the CMB

detection.

6.8 Summary

1. Our subject-level CMB preselection pipeline predicts the CMB candidate sub-

jects with subject-level accuracies of 74% and 78% on the TICH2 and OX-

VASC datasets respectively. On the UKBB dataset, the number of predicted

CMBs/subject increases with increase in age and BP, which is in line with the

literature [64, 285, 27].

2. Our DL-based CMB detection method consists of CMB candidate screening,

CMB candidate discrimination and postprocessing for FP reduction steps. We

obtained cluster-wise TPR and precision ≥ 0.80 on the OXVASC, TICH2 and

HK datasets, with the lowest FPavg of 9.6 on T2*-weighted GRE images from

the OXVASC dataset.

3. On comparing our method with existing ones, we observed that our method

performed better on the OXVASC dataset when compared to most of the con-

ventional ML methods. Also, our method provided precision comparable to the

state-of-the-art method [301] on the OXVASC dataset.

4. We compared the diameter of manually segmented and predicted CMBs on the

TICH2 dataset and achieved a mean absolute difference of 2.0 mm, with 35%

of CMBs having a difference less than 1 mm.
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5. Our automated rating of CMB using the structural atlases on the TICH2 dataset

provided an overall accuracy of 95% during initial validation with manually

segmented CMBs, with higher precision in the lobar regions. We observed

similar a trend for the predicted true positive CMBs with an overall accuracy

of 91%.
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Chapter 7

Conclusions and Future Work

This thesis aims to automatically detect signs of cerebral small vessel disease (SVD) on

MR images. SVD refers to pathological condition related to damage in small vessels.

SVD has been associated with factors such as age, smoking, blood pressure (BP), and

has been widely found to contribute to cognitive decline, neurodegenerative and cere-

brovascular diseases. However, standard quantitative and automated measurements

are not yet available, which would also help to further understand the relationship

between the voxel-wise distribution of SVD signs and various clinical factors. In this

work, we focused on two SVD signs: white matter hyperintensities (WMHs) and cere-

bral microbleeds (CMBs). Out of the two, automated segmentation of WMHs has

been widely explored in the literature (including the FSL tool, BIANCA developed by

FMRIB, Oxford), while automated detection of CMBs is still a novel area of research.

Hence, we started our research work with WMH analysis and modelled the distribu-

tion of WMHs at the population-level with respect to age using Bayesian inference

(chapter 3). We later explored various options for improving WMH segmentation

using BIANCA, experimenting at various steps (chapter 4). We developed a deep

learning method for improving the segmentation of WMHs, compared to BIANCA

(chapter 5). We finally proceeded to develop a comprehensive automated end-to-end

CMB analysis framework consisting of CMB candidate subject preselection, CMB

detection and rating (chapter 6). The methods developed in this work were validated

and applied to a wide range of datasets, from healthy ageing (e.g. healthy controls

- HC and the UK Biobank study - UKBB), to vascular cohorts (e.g. the Oxford
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vascular study - OXVASC, Tranexamic acid for IntraCerebral Haemorrhage 2 trial

- TICH-2, and cerebral autosomal dominant arteriopathy with subcortical infarcts

and leukoencephalopathy cohort - CADASIL), to neurodegenerative populations (e.g

neurodegenrative cohort - NDGEN) and publicly available datasets (e.g. the Hong

Kong dataset - HK, MICCAI WMH segmentation challenge dataset - MWSC). For

more details on the datasets used, refer to appendix A.

Our proposed method for obtaining a population-level lesion probability map with

respect to a parametric factor (e.g. age, cognitive function) uses cubic spline approx-

imation functions and Bayesian inference. It is computationally light and provided

spatially continuous population-level probability maps. We obtained a mean squared

error (MSE) value of 7.27 × 10−5 on the simulated data, which is comparable with

existing methods (including [127] with MSE value of 5.22 × 10−5 with ≈ 15 times

slower running time). On real datasets such as UKBB and OXVASC, the WMH

probabilities increased with age (significant in the periventricular regions), as is well

established in the literature [54, 87]. We also found increase in WMH probabilities

with BP in the UKBB dataset. Regarding the less clear relationship between the

spatial distribution of WMHs and increase in blood pressure, we found that in hy-

pertensive subjects, probabilities of deep WMHs (DWMHs) are specifically higher,

in line with [50]. Hence, the population-level probability maps could be used for

understanding the progression of WMHs under various clinical/demographic factors.

Moreover, population-level maps could also be helpful in improving WMH segmenta-

tion, which in turn could improve their characterisation. Therefore in the following

work, where we explored the possibility of improving BIANCA, one of the strategies

we applied involved the use of population-level lesion maps derived/estimated from

this work.

Our experiments for improving BIANCA involve utilisation of the population-

level WMH probabilities as additional feature, exploration of alternative classifiers

(RF, SVM, NN and Adaboost) and adaptive estimation of the threshold values for

binarising subject-level WMH probability maps. The use of population-level WMH
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probabilities (estimated from the WMH modelling method), specific to the subject’s

age group, provided negligible improvement in BIANCA. However, in order to allow

for the potential of using population-level maps with respect to other factors (apart

from age) in a different dataset, this option will be included in a future release of

BIANCA. On comparing the performance of various classifiers, the KNN classifier

(currently used in BIANCA) still provided the best results on the NDGEN and MWSC

datasets. However, RF and NN classifiers also provided comparable results, showing

potential for improvement in different datasets. Hence, RF and NN will also be added

as alternative options for classifiers in a future release of BIANCA.

We also proposed a locally adaptive threshold estimation (LOCATE) method, for

obtaining more accurate subject-level binary WMH maps from BIANCA probability

maps. LOCATE divides the image into smaller regions using Voronoi tessellation,

and estimates the threshold for each region in an adaptive manner using supervised

classifier (RF) based on the local characteristics (volume, intensity, distance from

ventricles and probabilities). LOCATE provided improvement in WMH segmen-

tation performance for 5 datasets (NDGEN, OXVASC and 3 cohorts of MWSC),

without requiring extra training data, despite the changes in the WMH distribution

from healthy to severe vascular pathology (e.g. CADASIL and OXVASC). LOCATE

detected more true positive lesions. LOCATE is already available as beta version

(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/BIANCA/Userguide) and will be in-

tegrated into BIANCA as an additional thresholding option in its future release. All

the additional options will be added without increasing the computational complexity

of BIANCA.

Over recent years, deep learning (DL) methods based on convolutional neural

networks (CNNs) have proven to provide robust segmentation in medical imaging,

as evident from the results of the MICCAI WMH segmentation challenge (MWSC)

2017 (http://wmh.isi.uu.nl/): 17 out of 20 methods from the initial submission

(and the top ranking 10 methods) used CNN models. Ensemble models have shown

that they can provide more accurate segmentation, with less noise. We proposed a
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triplanar U-Net ensemble network (TrUE-Net) for accurate segmentation of WMHs.

We chose a triplanar architecture since it has less dependence on the variation in res-

olution along different planes, and better segmentation of edges. TrUE-Net provided

better segmentation compared to BIANCA with significantly higher F1-measure in 4

datasets (NDGEN and 3 cohorts of MWSC), especially in the low lesion load subjects

(while most existing methods, including BIANCA+LOCATE, gave lower SI values in

these subjects). Overall, TrUE-Net achieved higher SI values and lower Hausdorff dis-

tance values for all datasets compared to BIANCA, indicating a more precise WMH

segmentation. Usually, one of the main drawbacks of DL methods is that they require

large amount of data for training. We overcame this shortcoming, since in terms of

data requirements, TrUE-Net does not require any additional data other than the

same amount used for training BIANCA. This was possible due to the use of data

augmentation techniques for data amplification and ensemble model for noise/FP

reduction.

In order to contextualise the impact of the methods/improvements presented in

this work, table 7.1 illustrates an indirect comparison with existing methods in the

literature. Among the non-DL methods, the performance is high when anatomy and

appearance based features are used in addition to intensity (including BIANCA and

LOCATE). The SI values obtained by BIANCA+LOCATE and TrUE-Net are in line

with the values reported in previous studies. Also, the performance of TrUE-Net is

comparable to the top-performing DL methods in the challenge. However, it is not

a direct comparison since the methods from the challenge were evaluated on unseen

test data, excluding the labels corresponding to other pathologies.

The two methods used in this thesis (TrUE-Net, newly proposed in this work,

and BIANCA, here improved from its first release) have their own advantages and

limitations. TrUE-Net provides better segmentation compared to BIANCA, but it

is computationally intensive (GPUs are required for training and might be required

even for testing) and has high memory requirements, especially in a clinical setting.

On the other hand, TrUE-Net does not require parameter tuning, as in the case of
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Method Type1
Population - study2

(subjects)

Image
modalities

Dice3 Sens4 Spec

Wang et al., [149] I,U
Singapore ageing

cohort (272)
T1, T2, FLAIR 0.77 0.81 0.97

Yoo et al., [146] I,S
Longitudinal/

dementia - Korean
study (32)

FLAIR 0.76 - -

Jeon et al., [159] IA,U SVD - AMPETIS (45) PD, T2, FLAIR 0.90 - -

Yang et al., [162] IA,U
Dementia - LEILA

(30)
FLAIR 0.81 - -

Shi et al., [163] IAAp,U Acute infarction (91)
DWI, T1, FLAIR

0.84 0.80 -

Samaille et al., [164] IAAp,U MCI, CADASIL (67) T1, FLAIR 0.72 - -

Kruggel et al., [167] IAAp
HC, dementia - LEILA

(116) - 0.90 0.91

Khademi et al., [168] IAAp,U
Subjects with lesions

(24)
FLAIR 0.83 0.82 0.99

Admiraal-Behloul et
al., [171]

IA,U
Vasc. disease -

PROSPER (100)
PD, T2, FLAIR 0.75 - -

Anbeek et al., [55] S
Arterial vascular

disease (20)
T1, IR, PD, T2,

FLAIR
0.80 0.97 0.97

Li et al., [58] DL MWSC TS T1, FLAIR 0.80 0.84 -

Andermatt et al., [238] DL MWSC TS T1, FLAIR 0.78 0.83 -

Berseth et al., [227] DL MWSC TS T1, FLAIR 0.77 0.73 -

Valverde et al., [235] DL MWSC TS T1, FLAIR 0.77 0.75 -

Mehrtash et al., [216] DL MWSC TS T1, FLAIR 0.77 0.59 -

Luna et al., [216] DL MWSC TS T1, FLAIR 0.72 0.63 -

Xu et al., [239] DL MWSC TS T1, FLAIR 0.73 0.63 0.67

Ghafoorian et al., [59] DL Elder SVD (50) T1, FLAIR 0.78 - -

BIANCA [53] IAAp,S NDGEN (21) T1, FLAIR 0.77 0.80 -

OXVASC (18) T1, FLAIR, MD 0.74 0.71 -

MWSC TrS - Sing
(20), Ams (20), Utr

(20)
T1, FLAIR

0.74S ,
0.70A,
0.63U

0.76S ,
0.80A,
0.67U

-

BIANCA + LOCATE
(Chapter 4) [79]

IAAp,S NDGEN (21) T1, FLAIR 0.77 0.83 -

OXVASC (18) T1, FLAIR, MD 0.75 0.82 -

MWSC TrS - Sing
(20), Ams (20), Utr

(20)
T1, FLAIR

0.73S ,
0.70A,
0.64U

0.78S ,
0.80A,
0.70U

-

TrUE-Net (Chapter 5) DL NDGEN (20) T1, FLAIR 0.78 0.72 -

OXVASC (18) T1, FLAIR 0.78 0.70 -

MWSC TrS - Sing
(20), Ams (20), Utr

(20)
T1, FLAIR

0.81S ,
0.78A,
0.74U

0.78S ,
0.71A,
0.75U

-

1 Type: I - intensity, IA - intensity + anatomy, IAAp - intensity + anatomy + appearance, U - unsupervised, S -
supervised, DL - deep learning
2 Population-study: MWSC TS - MICCAI WMH segmentation Challenge test dataset, MWSC TrS - MICCAI
WMH segmentation Challenge training dataset [216]
3,4 Dice, sensitivity: S - Singapore, A - Amsterdam, U - Utrecht.

Table 7.1: Comparison of the existing methods with BIANCA and the methods/improvements
proposed in this work.
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BIANCA. Assuming the availability of pretrained weights/models and GPUs, testing

times per subject for TrUE-Net (< 1 min on GPU) and BIANCA (2-3 mins on CPU)

are comparable, excluding the extra time taken for WM mask generation (≈ 10 mins).

Regarding generalisability to different scanners and datasets, only a few methods

(among those presented in the table [7,8,19] and BIANCA), have been evaluated on a

variety of datasets (pathological population and/or healthy subjects). Most methods

(e.g. all the remaining ones in the table) are tested on datasets from a specific popu-

lation, and hence might require additional experimentation to validate/improve their

generalisability (e.g. fine-tuning of parameters, change of cut-off/threshold values).

Since different datasets have different image modalities, using multimodal methods

(e.g. BIANCA) provides latitude to choose the modalities that yield better results

and could handle datasets with missing modalities. On the other hand, the choice

of input modalities becomes one additional parameter to tune when applied on an

unknown dataset. For instance, for the OXVASC dataset, the best performance for

BIANCA was achieved with T1+FLAIR+MD, while TrUE-Net provided better SI

values by using only T1+FLAIR.

Data harmonisation (i.e. integration of data from multiple sources or domains) is

another main consideration while evaluating a method. The use of domain adapta-

tion techniques on TrUE-Net showed promising results without additional parameter

tuning. We explored various domain adaptation techniques such as transfer learn-

ing, unsupervised and semi-supervised domain adversarial training of neural network

(DANN) between source and target domains (differing in intensity and acquisition

characteristics). Out of all the approaches tested, unsupervised DANN gave the best

performance and was able to overcome the variation in lesion characteristics between

the domains. DANN provided a good domain adaptation without requiring manual

segmentations and large amount of data from the target domain. For instance, we

used only 15 subjects from the target dataset for training DANN to achieve a good
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segmentation performance. The results also showed that a suitable domain adap-

tation method could provide on par, if not better, results when compared to the

target-trained models in the case of insufficient data.

It is worth noting that, although manual segmentation is used to train the models

and as a gold standard for evaluation, there are often inter- and intra-observer vari-

abilities amongst expert segmentations, due to lower contrast, fuzzy boundaries and

lack of consensus regarding exclusion criteria (e.g. whether the thin lining around the

ventricles should be considered as WMHs or not). These variabilities could affect the

performance of automated segmentation methods.

For CMBs, the proposed CMB candidate subject preselection pipeline provided

comparable results on the OXVASC and TICH2 datasets, irrespective of different

modalities used for training (T2*-weighted GRE from OXVASC and SWI from

TICH2). The pipeline predicted CMB candidate subjects with subject-level accu-

racies of 74% and 78% on TICH2 and OXVASC datasets respectively. On the UKBB

dataset, the number of predicted CMBs/subject increased with age and BP, in line

with the literature [64, 285, 27]. Our 3-step CMB detection method consists of initial

voxel-wise candidate screening, object-level candidate discrimination and FP reduc-

tion. The proposed method can be trained on either SWI or T2*-weighted GRE

images and provided good results despite the presence of other vascular patholo-

gies and of CMB mimics. We obtained the best performance with a sensitivity of

0.85, precision of 0.96 and average FPs/subject of 9.6 on T2*-weighted GRE images

from the OXVASC dataset (despite the lower sensitivity to CMBs of this sequence

compared to SWI). On the TICH2 dataset, which included haemorrhagic lesions, we

achieved a sensitivity of 0.80, a precision of 0.85 for an average of 25 FPs/subject.

Our method provided better performance than most of the conventional ML methods

[294, 296, 297], comparable to [297] and a better precision than the state-of-the-art

DL method [301]. We also characterised the detected CMBs based on size and deter-

mined the automated rating based on the MARS scale. We compared the diameters

255



of manually segmented and detected true positive CMBs and achieved a mean abso-

lute difference of 2mm. Our automated rating method provided 95% accuracy during

initial evaluation with manually segmented CMBs. On the further validation with the

results of CMB detection, we achieved an accuracy of 91% on true-positive CMBs,

and observed that FPs mostly occurred in the lobar regions.

7.1 Future work

In the current work, we detected and analysed two signs of SVD, namely WMHs and

CMBs. While providing advances in the field, the work developed and presented in

this thesis also opens several potential avenues for future research.

WMH segmentation and analysis methods: As a future work, our proposed

method based on Bayesian inference could be used to model the distribution of WMHs

with respect to other individual or combination of factors that could be useful in a

clinical context. For example, similar to our analysis between hypertensive and non-

hypertensive groups, an analysis between cognitive groups (e.g. based on the MoCA

scores) would be useful in analysing the difference in WMH progression in the normal

and pathological ageing (dementia). Regarding LOCATE, the immediate next step

could be to apply it on TrUE-Net probability maps to study the possible improve-

ment in WMH segmentation. Also, further improvements, such as modification of

features and training threshold values could be made to improve the performance of

LOCATE, especially in low lesion load subjects. For TrUE-Net, a potential future

direction would be to explore the possible ways to improve the performance by lever-

aging the features at different levels of abstraction and the loss functions used in the

optimisation. Towards the first aim, we have explored the possible utility of attention

gate at the coarsest level of U-Nets (TrUE-Net-Att). However, it would be useful to

study the effect of attention gates in the finer level(s) on the segmentation perfor-

mance. In the case of loss functions, the Dice loss function could be weighted with the

values inversely proportional to the volume of individual lesions, so that the loss func-

tion becomes sensitive towards small lesions (similar to improving spatial sensitivity
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towards deep regions with weighted CE loss). Similar to what we did for BIANCA,

we could use population-level WMH probability maps as priors (or additional input

channel) in TrUE-Net to explore the potential improvement in segmentation.

CMB segmentation and analysis methods: Similar to WMH segmentation,

adding priors could also improve CMB detection at object-level. For example, ap-

plying the minimum-intensity projections (MIP) to a few consecutive slices along all

three (x-, y- and z-) directions and averaging the MIP maps could provide a good

prior map for CMB detection and would help to reject vessel-like structures. Another

possibility for future work along this direction could be to use the atlas-based anatom-

ical priors (e.g. region/structures/coordinates based on CMB distribution) for further

reduction of FPs. A possible next step in CMB candidate screening could be to make

the ROI identification more efficient than our current method but less intensive than

region proposal network (RPN) by dynamic refinement of local maxima with each

training epoch, thereby reducing the spurious peaks due to noise. Also, LOCATE

could be applied on the CMB probability maps from the screening step to explore

its generalisability with respect to the signs. If necessary, the algorithm could be

modified to cope better with CMBs (e.g. adaptive adjustment of the sizes of Voronoi

regions, changes in the training method). In the CMB candidate discrimination step,

to tackle the imbalance in the detected CMB and non-CMB patches, possible next

steps could be exploration of sampling techniques, synthesis of CMB-like patches,

and selective augmentation techniques. Some of the adaptive sampling methods that

could be explored include oversampling of the minority class (in our case, CMBs) with

replacement and synthetic minority over-sampling technique (SMOTE, [374]) where

synthetic examples of the minority class are generated during oversampling. Also,

DL models such as GANs could be used for synthesising CMB-like patches to reduce

the imbalance in the classes [375, 376]. Further improvements in data augmentation

techniques could include selective and adaptive data augmentation [377], where the

augmentation is integrated into the loss function for efficient classification. Also, the

loss function itself could be modified for class rectification [373] to reduce the effect of
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imbalance in CMB and non-CMB classes. In addition to the above possible options,

efficient training techniques such as omni supervised learning (predicted outputs are

used recurrently for training [360]) could be used in cases of both WMHs and CMBs

where training data is scarce. For the CMB subjects preselection pipeline, we could

replace the initial CMB candidate detection (based on hand-crafted features) with

our DL-based CMB detection method and study the improvement in preselection

performance.

Tool development: The immediate next step would be to integrate LOCATE within

the main BIANCA release, along with other options (alternative classifiers and prior

map). Another generic but useful next step in tool development would be to make the

values of several parameters in the CMB pipeline and object-level detection adaptive

to image characteristics (e.g. area/volume thresholds in CMB pipeline as the per-

centiles of values, intensity cut-offs based on histograms) rather than setting them

manually.

Extended validation: We have currently evaluated TrUE-Net only on the publicly

available training data from MWSC 2017. Since the challenge remains open, we will

submit our method to the challenge to validate it on the unseen test data. This will

help us in studying the model generalisability and would also provide a more direct

comparison with other DL methods. Also, we plan to validate the preselection pipeline

and object-level CMB detection on the UKBB dataset. Towards this aim, 60 subjects

(50 predicted as CMB subjects, 5 predicted as non-CMB subjects and 5 borderline-

cases by the proposed pipeline) will be manually labelled by expert neuroradiologists

for the validation of our pipeline. Once the manual labelling is available, it will enable

several evaluations and validations. First, we can compare the performance of the

preselection pipeline with hand-crafted features and our DL-based CMB detection

method. Hence, the better performing model (between the above two) could be used

to preselect CMB candidate subjects from the UKBB dataset. Second, the manually

labelled images can also be used to train the CMB detection method on the UKBB

dataset, so that the complete end-to-end analysis could be applied on the entire
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UKBB dataset. In the same way that WMH volume derived with BIANCA is one of

the imaging derived phenotypes (IDPs) in UKBB, we could determine several CMB-

related IDPs such as subject-level CMB presence/absence, CMB count and MARS

ratings on the UKBB dataset.

Data harmonisation: A possible future work towards data harmonisation could

be to obtain pre-trained models (CMB detection model and TrUE-Net, for WMH

segmentation) on the UKBB data, so that these models could be adapted to smaller

datasets with various domain adaptation methods. Another alternative approach

would be to harmonise data from various centres (targets) to match the UKBB data

characteristics, so that the pre-trained models (for CMB and WMH segmentation)

could be applied to them directly. The latter approach would be highly convenient

in a clinical setting since it would avoid additional training.

Clinical applications: The subjects preselected as CMB candidates could be flagged

as possible CMB subjects for further investigation or for preliminary rating of a com-

posite SVD score [372]. Regarding the modelling method, similar to WMH distri-

bution, population-level analyses could be performed on CMBs, to understand their

clinical impact. These analyses could be done either by modelling their spatial dis-

tribution (as in the case of WMHs) or their count per subject with respect to various

clinical factors. Perhaps, these analyses could be done separately for microbleeds and

macrobleeds for further understanding their role as biomarkers and their clinical im-

pact. Also, the scope of our Bayesian modelling algorithm could be extended beyond

SVD to study the distribution of other signs with different spatial pattern (e.g. MS

lesions, atrophy) with respect to clinical factors.
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Appendix A

Dataset details

This appendix provides the description of various datasets used in this work, their

sample details and their acquisition parameters. In this work we used 8 main datasets,

with different acquisition protocols, populations, WMH loads/CMB counts and char-

acteristics, and occasionally their subsets for various analyses. Tables A.1 and A.2

provide demographic details of the datasets used in WMH and CMB analyses respec-

tively.

A.1 The Oxford vascular study (OXVASC)

This dataset consists of eligible participants from the OXVASC study [323] who had

recently experienced a minor non-disabling stroke or transient ischemic attack (TIA).

The demographics of the subsets used for WMH and CMB analyses are provided in

tables A.1 and A.2. Scanning was performed at the Oxford Acute Vascular Imaging

Centre (AVIC) using MR acquisition parameters provided in table A.3. MRI acqui-

sitions started in 2012 and the protocol was upgraded in January 2015 (indicated as

protocol I and II in the table). The only sequence differing between protocols-I and

II is the T2-weighted, FLAIR sequence as shown in the table.

We used three subsets of data from the OXVASC study:

1. The first subset, consisting of 474 subjects scanned using protocol-I, was used

in chapter 3 for population-level modelling of the WMH distribution.
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Datasets Chapter N
Age (yrs) Sex

(F:M)
Sample
details

Range Mean±Std

OXVASC
3 474 20 - 102 67.4 ± 14.3 240:234

Subjects with a
recent minor
non-disabling
stroke or TIA4 & 5 18 50 - 91 73.3 ± 12.3 7:11

UK Biobank 3 1000 45.4-78.4 64.1 ± 6.8 459:541

500
hypertensive
and 500 non-
hypertensive
subjects

NDGEN
4 21 63 - 86 77.1 ± 5.8 10:11

9 with AD, 5
with MCI, 7 HC

5 20 63 - 86 77.2 ± 5.7 10:10
8 with AD, 5
with MCI, 7 HC

CADASIL 4 15 33 - 70 53.7 ± 11.3 11:4
Subjects with
CADASIL

HC 4 19 29 - 70 54.6 ± 11.2 6:13

Healthy
controls, age
matched with
the CADASIL
dataset

M
W

S
C

NUHS
Singapore 4 & 5 20

NP 70.1 ± 9.3 85:85

Provided [216]
for 170 subjects
from memory
clinics (60 -
training, 110 -
testing, not
used in this
work)

VU Ams-
terdam 4 & 5 20

UMC
Utrecht 4 & 5 20

Table A.1: Demographic and sample details of the datasets used for WMH segmentation and analy-
ses, along with their corresponding chapters. N - total number of subjects, TIA - transient ischemic
attack, AD - Alzheimer’s disease, MCI - mild cognitive impairment, HC - healthy controls, CADASIL
- cerebral autosomal dominant arteriopathy with subcortical infarcts and leukoencephalopathy, NP
- not provided.

2. The second subset of 18 subjects acquired using protocol-II was used in chap-

ters 4 (T1-weighted, FLAIR and DWI) and 5 (T1-weighted and FLAIR) for the

evaluation of WMH segmentation methods. Manual segmentations are available

with WMH load range: 3530 - 83391 mm3, median: 16906 mm3.

3. The third subset consisting of T2*-weighted gradient recalled echo (GRE) im-

ages from 40 subjects was used in chapter 6 for CMB detection and charac-
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Datasets N
Age (yrs) Sex

(F:M)
Sample details

Range Mean±Std

OXVASC 40 35.6-94.8 68.7 ± 15.5 15:25

Vascular cohort with a
recent minor
non-disabling stroke
or TIA

TICH2 50 29 - 88 64.8 ± 15.5 25:26

SWI from the subjects
with spontaneous
intracerebral
haemorrhage

HK 20 NP 69.3 ± 8.15 NP

Sample details
specified in [301] for
the dataset of 320
subjects (126 with
stroke and 194 normal
ageing subjects). Only
20 subjects (10 from
each category)
available publicly

U
K

B
io

b
a
n

k

UKBB-I 180 45 - 75 58.5 ± 8.8 85:95

Selected randomly
from UK Biobank
data

UKBB-
II

287 74.1-80.3 75.6 ± 1.0 106:181

Selected out of ≈
20,000 subjects, with
SWI, and shortlisted
based on demographic
factors with no
missing values

Table A.2: Demographic and sample details of the datasets used for CMB detection and analyses
in chapter 6. N - total number of subjects, TIA - transient ischemic attack, SWI - susceptibility
weighted images, NP - not provided.

terisation. Out of 40 subjects, 20 subjects have CMBs and the corresponding

manual segmentations are available. Total number of CMBs are: 267, mean:

10.7 ± 1.13 CMBs/subject, median: 2 CMBs/subject.

A.2 The UK Biobank study (UKBB)

The largest publicly available MR imaging study ever, UK Biobank (UKBB) consists

of MR scans from ≈ 48,000 subjects acquired currently (and will reach 100,000).

Scanning was performed at three dedicated imaging centres to maximise data com-

patibility, using MR acquisition parameters specified in table A.4. The demographic
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The OXVASC dataset - MR acquisition parameters

Parameters
FLAIR

T1 DWI GRE

Protocol-I Protocol-II

Scanner 3T Siemens Verio

Sequence T2 FLAIR T2 FLAIR
3D

MP-RAGE
DWI - EPI

2D
single-echo
T2*-GRE

TR/TE
(ms)

9000/94 9000/88 2000/1.94 8000/86 504/15

TI (ms) 2500 2500 - - -

Flip angle
(deg) 150 150 8 16 20

Voxel size
(mm)

0.8 × 5 × 0.8 1 × 3 × 1 1 × 1 × 1 2 × 2 × 2 0.9 × 0.8 × 5

Matrix size
(voxels)

464 × 28 ×
512

174 × 52 ×
192

208 × 256 ×
256

640 × 640 ×
25

Additional
sequence
specific
parameters

- - -

b-value = 0,
500, 1000

s/mm2, 32
directions,
GRAPPA
factor = 2

GRAPPA
factor = 2

Table A.3: MR acquisition parameters for FLAIR (protocol-I and II), T1, DWI and T2*-GRE in
the OXVASC dataset. TR - repetition time, TE - echo time, TI - inversion time, DWI - diffusion
weighted images.

details of the subsets of data used for our WMH and CMB experiments are specified

in table A.1 and A.2 respectively.

We used three subsets of data from the 20,000 subject release of the UKBB dataset

(in January 2018) as follows:

1. The first subset consists of 1000 subjects, with 500 hypertensive (HT) subjects

and 500 non-hypertensive (non-HT) subjects randomly selected from ≈ 8,000

subjects. We used this dataset for modelling the distribution of WMHs with

respect to age in HT and non-HT groups in chapter 3.

2. The second subset (indicated as UKBB-I in chapter 6) consists of SWI from

180 randomly sampled subjects for the initial evaluation of the CMB candidate
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subject preselection pipeline. We obtained the relationship between subject-

level CMB counts and factors such as age and BP on this dataset in chapter 6.

3. The third subset, UKBB-II in chapter 6, consists of 287 subjects (after re-

jecting subjects with missing data values) using SWI images. These subjects

were shortlisted from ≈ 20,000 subjects by applying specific criteria on various

demographic factors such as age, blood pressure, smoking, WMH volume and

incidence of stroke. We applied our pipeline to this subset to preselect CMB

candidate subjects in chapter 6 for the manual labelling of CMBs.

The UK Biobank dataset - MR acquisition parameters

Parameters FLAIR T1 SWI

Scanner 3T Siemens Magnetom Skyra syngo MR D13

Sequence T2 FLAIR 3D MP-RAGE
3D multi-echo

GRE

TR/TE (ms) 5000/395 2000/2 27/9.4/20

TI (ms) 1800 880 -

Flip angle (deg) 8 15

Voxel size (mm) 1.05 × 1 × 1 1 × 1 × 1 1 0.8 × 0.8 × 3

Matrix size
(voxels)

192 × 256 × 256 208 × 256 × 256 256 × 288 × 48

Table A.4: MR acquisition parameters for FLAIR, T1 and SWI in the UK Biobank dataset. TR -
repetition time, TE - echo time, TI - inversion time.

A.3 The neurodegenerative cohort (NDGEN)

This dataset includes MRI data from 9 subjects with probable Alzheimers Disease

(AD), 5 with amnestic mild cognitive impairment and 7 cognitively healthy control

subjects recruited from the Oxford Project To Investigate Memory and Ageing (OP-

TIMA) study and from the Memory Assessment Clinic at the John Radcliffe Hospital

in Oxford [334]. The demographics of the dataset are provided in table A.1 and the

MR acquisition protocols and parameters are provided in table A.5. We used all
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21 images in chapter 4 for improving BIANCA and to evaluate LOCATE. However,

we excluded one subject with incompatible image dimensions from the WMH seg-

mentation experiments using deep learning in chapter 5. Manual segmentations are

available for this dataset, with the WMH load range: 1878 - 89259 mm3, median:

20772 mm3.

The NDGEN dataset - MR acquisition parameters

Parameters FLAIR T1

Scanner 3T Siemens Trio

Sequence T2 FLAIR 3D MP-RAGE

TE/TR (ms) 9000/89 2040/4.7

Flip angle (deg) 150 8

Voxel size (mm) 1.1 × 0.9 × 3 1 × 1 × 1

Matrix size
(voxels)

256 × 256 × 35 174 × 192 × 192

Table A.5: MR acquisition parameters for FLAIR and T1 in the NDGEN dataset. TR - repetition
time, TE - echo time.

A.4 The cerebral autosomal dominant arteriopa-

thy with subcortical infarcts and leukoen-

cephalopathy (CADASIL) cohort

This dataset consists of 15 subjects with CADASIL disease. The demographic details

for this dataset are provided in table A.1. Scanning was performed using the same

scanner and acquisition parameters as the OXVASC dataset with protocol-II (refer

to table A.3). CADASIL is a genetic form of small vessel disease caused by muta-

tions within the NOTCH-3 gene. It is the most common heritable cause of stroke

and vascular dementia in adults and it is characterised by extensive damage to white

matter brain regions [40]. These patients are younger than those with sporadic SVD,

without confounding factors of co-existent neurodegenerative pathology [41]. They

therefore provide a model of pure SVD in which to investigate WMHs [42]. Manual
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segmentations are unavailable for this dataset. However, in order to obtain a binary

WMH mask from the BIANCA probability maps, a lower threshold of 0.2 was empir-

ically chosen (based on visual inspection of the lesion probability map) by an expert

neurologist as the ‘optimal’ global threshold for this dataset. We used T1-weighted,

FLAIR and DWI images from this dataset for visually validating the WMH segmen-

tation with LOCATE in chapter 4. We also used T1-weighted and FLAIR images for

training purposes in the domain adaptation experiments in chapter 5.

A.5 The healthy control (HC) cohort

This dataset consists of 19 healthy controls, age-matched with the CADASIL sub-

jects. For the demographic details of this dataset refer to table A.1. Scanning

was performed using the same scanner and acquisition parameters as the OXVASC

protocol-II (table A.3). Manual segmentations are unavailable for this dataset. We

used T1-weighted, FLAIR and DWI images from this dataset for visually validating

LOCATE in chapter 4. We also used T1-weighted and FLAIR images for analysing

data characteristics for domain adaptation in chapter 5.

A.6 The MICCAI WMH segmentation challenge

Dataset (MWSC)

This dataset consists of 60 subjects, 20 each from three different sources: memory

clinics of institutes from Utrecht, Amsterdam and memory clinics of the National

University Hospital and St. Lukes Hospital in Singapore [216]. The dataset is publicly

available as the training dataset of the MWSC challenge (http://wmh.isi.uu.nl/).

The combined demographics of training and unseen test data has been provided in

[216] (refer to table A.1), while the demographic details of the training data alone

are currently unavailable. The MRI acquisition protocols and parameters for all the

three datasets (UMC Utrecht, NUHS Singapore and VU Amsterdam) are provided

in table A.6. Manual segmentations are available for all three datasets, with an

additional exclusion label provided for other pathologies. The WMH volume ranges
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(excluding other pathologies) are 845 - 74991 mm3 (median: 26240 mm3) for the UMC

Utrecht cohort, 786 - 61332 mm3 (median: 17795 mm3) for the NUHS Singapore

cohort and 1522 - 43528 mm3 (median: 6015 mm3) for the VU Amsterdam cohort.

We used T1-weighted and FLAIR images from this dataset for BIANCA experi-

ments and evaluating LOCATE in chapter 4 and for evaluating the WMH segmenta-

tion performance of the deep learning method in chapter 5.

The MWSC dataset - MR acquisition parameters

Parameters
NUHS Singapore VU Amsterdam UMC Utrecht

FLAIR T1 FLAIR T1 FLAIR T1

Scanner 3T Siemens TrioTim 3T GE Signa HDxt 3T Philips Achieva

Sequence
2D

FLAIR
3D T1

3D
FLAIR

3D T1
3D

FLAIR
3D T1

TR/TE
(ms)

9000/82 2300/1.9 8000/126 7.8/3.0 11000/125 7.9/4.5

TI (ms) 2500 - 2340 - 2800 -

Voxel size
(mm)

1 × 1 × 3 1 × 1 × 1
0.95 ×

0.95 × 3
1 × 1 × 1

0.98 ×
0.98 × 1.2

0.94 ×
0.94 × 1

Table A.6: MR acquisition parameters specified for FLAIR and T1 in [216] for the NUHS Singapore,
VU Amsterdam and UMC Utrecht cohorts in the MICCAI WMH segmentation challenge. TR -
repetition time, TE - echo time, TI - inversion time.

A.7 The Tranexamic acid for IntraCerebral Haem-

orrhage 2 (TICH-2) trial dataset

This dataset, a subset of the data used in [80, 81], was obtained from our collaborators

involved in the TICH2 study at the University of Nottingham. The dataset consists of

SWI from 50 subjects with spontaneous intracerebral haemorrhage. The demographic

details of the dataset are provided in table A.2. The standard manufacturer specific

SWI protocol parameters (reported in table A.7) from the manufacturers protocol tree

(ie, SWAN (General Electric); VEN BOLD (Philips); SWI (Siemens)) were used, as

specified in [80].
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The TICH2 dataset - MR acquisition parameters

Scanner Siemens Philips GE

Field strength 1.5T 3T 1.5T 3T 1.5T 3T

TE (ms) 40 20 0 - 35 23 - 49.5

TR (ms) 49 27 14.5 - 52 37 - 1950

Flip angle (deg) 15 10 - 20 15 - 50

Slice thickness
(mm)

1 - 4 1 - 10 2.4 - 4

Table A.7: MR acquisition parameters for the standard manufacturer specific SWI protocol specified
in [80] for the TICH2 dataset. Ranges are provided for those parameters that vary subject-wise. TR
- repetition time, TE - echo time.

Out of 50 subjects, 25 subjects have CMBs and the corresponding manual seg-

mentations are available. The total number of CMBs are: 505, mean: 20 ± 32.6

CMBs/subject, median: 5 CMBs/subject. Additionally, for these 25 subjects with

CMBs, MARS ratings (for more details, refer to the sample MARS rating form shown

in appendix D) were provided for both ‘definite’ and ‘possible’ CMBs. For both train-

ing and testing purposes, we obtained the final manual segmentation maps by com-

bining the manually segmented CMBs from both categories. We used SWI images

from the dataset for training and evaluating the subject-level preselection pipeline,

object-level CMB detection and automated rating of CMBs in chapter 6.

A.8 The Hong Kong dataset (HK)

This dataset consists of SWI from 20 subjects (10 normal ageing subjects and 10

subjects with stroke) that were used as training data in [301] and are available pub-

licly (http://www.cse.cuhk.edu.hk/~qdou/cmb-3dcnn/cmb-3dcnn.html). Origi-

nally in [301], 320 images (194 normal ageing subjects and 126 subjects with stroke)

were used and the demographic details for the full dataset (320 subjects) have been

provided in [301] (table A.2). Currently, the demographic details for the subset of 20

subjects are unavailable. The SWI images were acquired using a 3T Philips Medical
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System with 3D spoiled gradient echo sequence using venous blood oxygen level de-

pendent series with the following acquisition parameters [301]: TR/TE = 17/24 ms,

FOV of 230 mm, voxel-size of 0.45 × 0.45 × 2 mm, matrix size of 512 × 512 × 150

voxels, slice spacing of 1 mm.

Only CMB coordinates were available for the 20 subjects along with the dataset.

Hence, another rater independently provided the manual segmentations, and we con-

sidered the combined information from both the coordinates and the manual masks

as our final ground truth. The total number of CMBs are: 89, mean: 4.5 ± 4.4

CMBs/subject, median: 2 CMBs/subject. We used SWI from this dataset to evalu-

ate object-level CMB detection in chapter 6.
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Appendix B

Brief overview of classifiers

This appendix provides a brief overview of various classifiers used in chapter 4 for the

comparative analyses within BIANCA.

B.1 K-nearest neighbour classifier (KNN)

K-nearest neighbour (KNN) [378] is a non-parametric supervised classification algo-

rithm, where the classification of a voxel into the positive or negative (i.e. WMH or

non-WMH) class is determined by the nature of its k neighbours in the feature space

from the training set. Let us consider an input feature vector xi corresponding to a

voxel in training set T , then fitting a KNN model on xi for getting Ŷ is given by,

Ŷ (x) =
1

k

∑
ni∈Nk(x)

yi (B.1)

where Nk(x) is the neighbourhood of xi consisting of the k closest feature points ni.

The chosen closeness or similarity measure plays a vital role in determining the final

prediction. The most commonly used closeness measure is the Euclidean distance of

the feature point to its neighbours. For determining the final prediction, in the case

of regression, the average value of yi of k nearest neighbours is determined, while in

the case of classification, the majority voting of classes of the nearest neighbours is

considered.

The choice of the value of k plays a major role in the final model generalisability.

The effect of k on the classification boundaries is shown in figure B.1. The higher the
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parameter k (e.g. k > 100), the higher the bias towards a specific class (especially

with highly dense neighbours). On the other hand, the lower the parameter k (e.g. k

= 1), the higher the variance of the model since the number of neighbours considered

at a time might not be sufficient to arrive at a robust prediction. An optimal value

of k (e.g. 10 ≤ k ≤ 50) gives a good decision boundary or classification as shown in

the figure.

Figure B.1: The effect of k values on the classification. Image source: https://stanford.edu/

~shervine/teaching/cs-229/.

KNN is currently used in BIANCA for WMH segmentation with k = 40 and the

features specified in chapter 4.

Advantages: 1. the concept is intuitive and easy to understand, 2. easily extendable

to multiple classes, 3. learns complex decision boundaries, handles missing data well

and is robust to outliers.

Disadvantages: 1. performs poorly on high-dimensional feature space, 2. the pre-

diction for each new instance is computationally expensive since the nearest neigh-

bours need to be redetermined, 3. the distance metric is not often easy to choose and

justify.

B.2 Support vector machine (SVM)

Support vector machine (SVM) [379] is a supervised kernel-based learning method.

The SVM algorithm uses a set of mathematical functions, called kernels, that take

data as input and transform them into the required form as shown in figure B.2. Out
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of the different types of kernel functions available (e.g. linear, nonlinear, polynomial,

radial basis function (RBF), and sigmoid), the Gaussian RBF is most often used.

Figure B.2: Transformation of the input data into linear separable points using an appropriate kernel
mapping function. Image source: https://stanford.edu/~shervine/teaching/cs-229/.

SVM forms a hyperplane between training vectors of different classes (i.e WMHs

and non-WMHs) and maximises the margin, thus creating the largest possible dis-

tance of the vectors from the separating hyperplane (shown in figure B.3). Let

the training data consist of N vectors in the feature space after kernel mapping,

xi, i = 1...N where x ∈ Rn and the corresponding targets be yi, i = 1...N , where

yi ∈ [−1, 1] (‘-1’ and ‘1’ correspond to non-WMH and WMH classes respectively).

The separating hyperplane is defined as,

x : f(x) = xT b+ b0 = 0 (B.2)

b is a unit vector ||b|| = 1. The classifier function is given by,

C(x) = sign[xT b+ b0] (B.3)

Let M be the geometric margin between the vectors and the separating hyperplane

given by,

M =
F

||b||
= min

i=1...N
yi
( b

||b||
· x+

b0

||b||
)

(B.4)

Hence, 2M is the maximum distance of separation between the two classes (fig-

ure B.3). Hence, finding the largest margin could be posed as an optimisation problem
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given by,

max
b,b0,||b||

M

Subject to yi(x
T b+ b0) ≥M, i = 1, ...N

(B.5)

Based on the inverse relationship betweenM and ||b||, the equation could be rephrased

as the convex quadratic optimisation problem,

min
b,b0

||b||2

Subject to yi(x
T b+ b0)− 1 ≥ 0, i = 1, ...N

(B.6)

Hence, the SVM classifier operates by solving the above optimisation problem

to maximise the separation between the classes, by minimising a loss/cost function.

The most commonly used loss function for this optimisation is the Hinge loss function

given by,

LH(y) = max(0, 1− yz) (B.7)

where z is the classifier score. The band M is determined by the vectors (called

‘support vectors ’) that are closest to the hyperplane, forming the boundary of classes

on either side of the hyperplane (figure B.3). The optimisation is done so that support

vectors reduce the upper bound on the expected generalisation error [380].

Figure B.3: Optimisation in SVM. Separating hyperplane between the vectors of different classes,
and support vectors defining the margin of the vectors from the hyperplane.

The SVM classifier has two parameters: 1. C-value, a regularisation parameter,

provides the trade-off between correct classification of samples and the margin M , 2.
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the parameter γ is the inverse of radius of influence of support vectors in deciding the

margin (for large values of γ, area of influence includes only the support vectors and

hence results in overfitting).

We experimented with parameters of the SVM classifier for WMH segmentation

in chapter 4 and found that the best results were achieved for a C-value and γ of 1.0.

Advantages: 1. quite robust to overfitting, especially in high-dimensional feature

space, 2. maximisation of the margin is a convex optimisation problem, hence solvable

using various available library packages and has a unique solution.

Disadvantages: 1. has many hyperparameters (e.g. kernel type, C-value, γ and

optimisation parameters) to tune, 2. the algorithm is difficult to parallelise and

hence is not easily scalable to large datasets.

B.3 Random forest (RF)

Random forest (RF) [341] is a supervised ensemble classification algorithm based on

bootstrap aggregating or bagging. The idea of bagging is to average many noisy but

approximately unbiased models, and hence reduce the variance. RF uses random

sets of training data points and random subsets of features for forming a multitude

of decision tree predictors as shown in figure B.4. With the independent sampling

of random subsets of training data with identical distribution for all the individual

trees, the bias of bagged trees is the same as that of the individual trees, and the

final classification could be improved only by reducing the variance. Hence, bagging

avoids overfitting and is robust to noise [341].

In the decision trees in RF, every node splits the data into two classes based on

features (e.g. intensity), and the measure for determining the optimal split at each

node is called its impurity measure. This measure is typically the Gini impurity mea-

sure (default in scikit-learn package) or information gain/entropy for classification

and variance for regression. The Gini impurity measure (variation of entropy measure
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Figure B.4: A simplified version of an RF classifier. Image courtesy: Will Koehrsen, Medium;
https://medium.com/.

of decision trees) for N classes could be given as,

g(p) = 1−
N∑
i=1

p2
i (B.8)

where pi is the proportion of data labelled with class i. The information gain could

be defined as the difference between the entropy in the parent node and the weighted

sum of entropies in the child nodes. The split that provides the minimum impurity

measure is taken as the best split and the features are ranked based on the overall

average value of this measure. The final classification decision is by majority voting

(in the case of classification) or average (in the case of regression) of the outputs of

the individual trees. One of the popular ways of measuring the prediction error of

RF is to determine out-of-bag (OOB) error. OOB error is defined as the mean of

prediction errors on training samples xi, using only the trees that did not have xi in

their bootstrap sample.

For WMH segmentation, we achieved the best results for the RF classifier with

the specific range of parameter values for 50 trees of depth 25 for each tree, with 400

samples at each leaf node and minimum Gini impurity measure g(p) at each split as

1 × 10−3.

Advantages: 1. highly flexible and accurate, 2. can handle redundant features,

since it estimates feature importance, 3. robust to overfitting and scales well to large
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datasets (since random subsets of samples are used at a given time), 4. can handle

class-imbalance by setting class weights, 5. can learn non-linear hypothesis functions.

Disadvantages: 1. interpretation of results might be difficult, 2. feature impor-

tance/ranking may not be consistent to variations in the training data.

B.4 Adaptive boosting of classifiers (AdaBoost)

Boosting, one of the powerful learning methods among the committee-based ap-

proaches [381], is based on the idea that combining several weak learners or classifiers

would lead to a stronger committee of learners. Adaptive boosting (AdaBoost) [382]

sequentially applies a weak classifier (e.g. decision trees) to repeatedly modified ver-

sions of the data (with updated weights) to create a sequence of weak classifiers Ck(x),

where k = 1...K, as shown in the figure B.5. The predictions of all the weak classifiers

are combined through a weighted majority vote to get the final prediction as given

by,

C(x) = sign(
K∑
k=1

akCk(x)) (B.9)

Figure B.5: A schematic diagram of an AdaBoost classifier.

The weights of the individual classifiers, ak, k = 1...K are determined by the

boosting algorithm, in such a way to up-weight the more accurate classifiers. For

each iteration, the data modification comprises of applying the weights ak to each

training instance (feature points of voxels), starting with equal weights in the first

iteration. With each successive iteration, the weights are updated and the classifiers

are applied again. At the mth iteration, the weights of the misclassified training
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instances are increased (or up-weighted), while the weights of correctly classified

samples are reduced. This forces the classifier to focus more on the instances that

were missed in the previous iteration.

Boosting could be considered as an additive expansion of a set of basis functions

(weak classifiers in this case). Hence, exponential loss functions are popular and more

suitable loss functions for fitting a boosting model, due to computational convenience

- it leads to simple re-weighting of the models. The exponential loss function is given

by,

L(y, f(x)) = e−yf(x) (B.10)

Apart from the exponential loss function, the cross-entropy loss function is also com-

monly used. Boosting trees, where decision trees are used as weak classifiers in the

AdaBoost algorithm, are often used for classification and regression tasks. Let Ri,

i = 1...N denote the disjoint specific region representing a terminal node of a tree

and given the constant γi for each Ri, the decision tree could be mathematically

formulated as,

Ti(x) =
N∑
i=1

γiI(x ∈ Ri) (B.11)

And the boosted tree model is given by the sum of K tree models,

CK(x) =
K∑
k=1

Ti(x) (B.12)

As specified in chapter 4, after experimenting with the specific range of parameter

values, we achieved the best results for the AdaBoost classifier by using 2 decision

trees in each weak classifier, and with 30 such weak classifiers. The learning rate was

1.0 for fitting the classifier and the exponential loss function was used.

Advantages: 1. provides a wide variety of choices for weak classifiers and it is easy

to implement, 2. does not need any prior knowledge of weak classifiers, 3. provides

fairly good generalisation across tasks, 4. avoids overfitting, when a discriminative

weak classifier is used.
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Disadvantages: 1. does not handle noisy data very well, 2. not robust to outliers,

3. using weak classifiers that are too weak can lead to low margins between classes.

B.5 Neural networks (NNs)

Neural networks (NNs) (or artificial neural networks, [383]) are non-linear statistical

models, with an architecture shown in the network diagram in figure B.6. As the

name suggests, NNs were initially designed to emulate the functioning of the human

brain. Hence, the units in each layer are called neurons and the connections act like

synapses.

Figure B.6: Network diagram of a typical NN (shown for a sample model with two-stages), with K
inputs, M hidden units and N output values.

For N classes, the output layer of a NN has N neurons, with the N th unit indi-

cating the probability of the instance belonging to class N . Let the target labels be

yn ∈ [0,1], n = 1...N (where ‘0’ and ‘1’ represent non-WMHs and WMHs respec-

tively). The intermediate layer of the NN is called a hidden layer, and the features

(intermediate output values, Hm, m = 1...M) at the hidden layer are derived as lin-

ear combinations of the inputs X, and the target outputs yn at the final layer are

modelled as functions of the linear combinations of Hm. Mathematically,

Hm = σ(a0m + aTmX), m = 1...M,

yn = b0n + bTnH, n = 1...N
(B.13)
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where H = (H1, H2, ...Hm), y = (y1, y2, ...yn) and σ(·) is the non-linear activation

function. The additional bias units in the layers are indicated by the constant terms

a0m and b0n. The outputs yn are typically passed through the transformation G(·)

to get the final output y. The function G(·) is usually the identity in the case of

regression and a non-linear function in the case of classification, usually the softmax

function given below:

Gn(y) =
eyn∑N
x=1 e

yx
(B.14)

The unknown parameters of the NN, often called weights, are learnt by fitting the

model on the training data, using activation functions and an error/loss function

R(θ) (cross-entropy function is often used). The most commonly used approach for

minimising R(θ) is by gradient descent, called back-propagation in this context. In

this approach, the gradients are derived using the chain rule and computed by a

forward/backward passes, updating the weights with each step/epoch.

On experimenting with a range of parameter values, we achieved the best results

for the NN classifier (chapter 4) by using 100 neurons in the hidden layer, with 1800

iterations/epochs and an initial learning rate of 1 × 10−3 for updating weights.

Advantages: 1. can easily identify complex non-linear relationship between data

and dependent variables, 2. can handle noisy data.

Disadvantages: 1. difficult to interpret, 2. more prone to overfitting, 3. determines

local maxima as opposed to a unique solution, 4. does not handle missing data well

and is not robust to outliers, 5. if more neurons are used, it is not computationally

scalable for large datasets.
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Appendix C

Performance evaluation metrics

This appendix provides a brief description of various performance evaluation measures

used in our work. We have categorised them into four categories: 1. voxel-wise overlap

measures, 2. cluster-wise measures, 3. region-level measures and 4. subject-level

measures.

C.1 Voxel-wise overlap measures

The voxel-wise overlap measures that are used mainly for evaluating WMH segmen-

tation methods in chapters 4 and 5 are the following:

• Dice Similarity Index (SI):

SI =
2× (TP)

(T + P)
=

2× (TP)

(2× TP + FP + FN)
(C.1)

where TP, FP, FN, T and P refers to true positive, false positive, false negative,

true and positive lesion voxels respectively. True lesion voxels refer to the lesion

voxels in the manual segmentation and positive lesion voxels are the voxels

labelled as lesions by the classifier.

• Voxel-wise true positive rate (TPR): the number of true positive lesion

voxels divided by the number of true lesion voxels as given by,

TPR =
TP

(TP + FN)
(C.2)
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where TP and FN are the number of true positive and false negative (true lesion

voxels but missed by the segmentation method) voxels respectively.

• Voxel-wise false positive rate (FPR): the number of false positive (FP)

lesion voxels (voxels incorrectly labelled as lesion) divided by the number of

non-lesion voxels, as given by,

FPR =
FP

(FP + TN)
(C.3)

where TN is the number of true negative (non-lesion) voxels.

• Absolute volume difference (AVD): the absolute value of the difference

between the volume of manually segmented lesion voxels and the volume of

detected lesion voxels, as a percentage of the manually segmented lesion voxels.

Mathematically,

AVD =
| Vmles − Vdles |

Vmles
× 100 (%) (C.4)

where Vmles and Vdles are the total volumes of manually segmented and detected

lesions respectively

C.2 Cluster-wise measures

The cluster-wise metrics used in this work for the evaluation of WMH and CMB

detection in chapters 4, 5 and 6 are as follows:

• Cluster-level TPR: the number of true positive clusters (i.e. WMH lesions

or CMBs) divided by the total number of true clusters as given by,

cluster-wise TPR =
TPclus

(TPclus + FNclus)
(C.5)

where TPclus and FNclus are true positive and false negative clusters respec-

tively.
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• Cluster-wise precision: the number of true positive clusters divided by the

total number of detected clusters as given by,

cluster-wise precision =
TPclus

(TPclus + FPclus)
(C.6)

where TPclus and FPclus are true positive and false positive clusters respectively.

• Cluster-wise F1-measure: Given the cluster-wise TPR (eqn. C.5) and

cluster-wise precision (eqn. C.6), the value of cluster-wise F1- measure is cal-

culated by,

cluster-wise F1-measure = 2× (cluster-wise precision× cluster-wise TPR)

(cluster-wise precision + cluster-wise TPR)

(C.7)

=
2× (TPclus)

(2× TPclus + FPclus + FNclus)
= Diceclus (C.8)

where TPclus, FPclus and FNclus are the number of true positive, false positive

and false negative lesion clusters respectively. Hence, it can be observed that

cluster-wise F1 measure is equivalent to SI (Dice) values at the cluster-level.

• 95th percentile of Hausdorff distance measure (H95): Given two sets of

points, the bidirectional Hausdorff distance (or Pompeiu-Hausdorff distance) is

defined as the longest distance (in mm) from the points in one set to the closest

point in the second set. Given the coordinates of edge voxels of manually

segmented WMHs Wm = (xm, ym, zm) and the edge voxels of detected WMHs

Wm = (xd, yd, zd), the one-sided Hausdorff distance from Wm to Wd is given by,

hd(Wm,Wd) = max
wm∈Wm

min
wd∈Wd

||wm − wd||2 (C.9)

Similarly, the one-sided Hausdorff distance from Wd to Wm is given by,

hd(Wd,Wm) = max
wd∈Wd

min
wm∈Wm

||wd − wm||2 (C.10)
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Hence, the bidirectional Hausdorff distance between the two set of coordinates

is given by,

HD(Wm,Wd) = max(hd(Wm,Wd), hd(Wd,Wm)) (C.11)

We consider the 95th (H95) percentile of the bidirectional Hausdorff distances

HD(Wm,Wd) as our evaluation metric.

• Average number of FPs per subject (FPavg): for a given dataset D,

FPavg is defined as the ratio of the total number of detected FPs to the number

of subjects (or images) in the dataset, as given by,

FPavg =
Total number of FPs

Number of subjects in D
(C.12)

C.3 Region-level measures

We used region-level metrics for determining the performance of the automated CMB

rating method in the individual structures or regions, based on the confusion matrices

in chapter 6. The confusion matrix for a multi-class problem is shown in table C.1.

In our case, the classes indicate the regions (e.g. infratentorial, deep and lobar). The

region-level metrics used are as follows:

Predicted labels

Class 1 2 ... N

M
an

u
al

la
b

el
s

1 c(1,1) c(1,2) ... c(1,N)

2 c(2,1) c(2,2) ... c(2,N)

... ... ... ... ...

N c(N,1) c(N,2) ... c(N,N)

Table C.1: Confusion matrix for a multi-class problem. Manual labels are shown along the rows and
the predicted labels along the columns for classes 1 to N. The values c(i,j) in each cell indicates the
number of labels predicted as class j while they were manually labelled as class i.

• Region-wise sensitivity: For a given class, region-wise sensitivity is defined

as the ratio of the number of predicted TP labels to the number of true labels
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(TP + FN). Hence, for N classes, the sensitivity for class i is given by,

sensi =
c(i,i)∑j=N
j=1 c(i,j)

(C.13)

Hence, the overall region-wise sensitivity is the average of the sensitivities of all

the classes as given by,

region-wise sensitivity =
1

N

i=N∑
i=1

sensi =
1

N

i=N∑
i=1

c(i,i)∑j=N
j=1 c(i,j)

(C.14)

• Region-wise precision: For a given class, region-wise precision is defined as

the ratio of the number of predicted TP labels to the number of predicted labels

(TP + FP). Hence, for N classes, the precision for class i is given by,

preci =
c(i,i)∑j=N
j=1 c(j,i)

(C.15)

Hence, the overall region-wise precision is the average of the precisions of all

the classes as given by,

region-wise precision =
1

N

i=N∑
i=1

preci =
1

N

i=N∑
i=1

c(i,i)∑j=N
j=1 c(j,i)

(C.16)

• Region-wise F1-measure: Given the region-wise sensitivity and region-wise

precision determined using eqns. C.14 and C.16 respectively, the region-wise

F1-measure is given by,

region-wise F1-measure = 2× region-wise sensitivity× region-wise precision

region-wise sensitivity + region-wise precision
(C.17)

Similarly, F1-measures for the individual regions i could be determined by,

F1-measurei = 2× sensi × preci
sensi + preci

(C.18)

• Accuracy: For N classes, the accuracy of prediction is defined as the ratio of
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predicted TP labels to the total number of labels, as given by,

Accuracy =

∑i=N
i=1 c(i,i)∑j=N

j=1

∑i=N
i=1 c(i,j)

× 100 (%) (C.19)

C.4 Subject-level measures

We used the following subject-level metrics for evaluating the performance of the

CMB candidate subject preselection pipeline in chapter 6:

• Subject-level true positive rate (TPR): For a given datasetD, the subject-

level TPR is the number of predicted TP CMB subjects (STP ) divided by the

number of true CMB subjects, as given by,

subject-level TPR =
STP

(STP + SFN)
(C.20)

where SFN is the number of false negative subjects.

• Subject-level specificity: For a given dataset D, the subject-level specificity

is the number of predicted true negative subjects (STN) divided by the number

of non-CMB subjects, as given by,

subject-level specificity =
STN

(STN + SFP )
(C.21)

where SFP is the number of false positive subjects.

• Subject-level accuracy: For a given dataset D consisting of SN subjects, the

subject-level accuracy is given by the number of correctly predicted CMB and

non-CMB subjects (STP and STN) divided by the total number of subjects,

subject-level accuracy =
STP + STN

SN
× 100 (%) (C.22)

285



Appendix D

The Microbleed Anatomical Rating
Scale (MARS): sample form

A sample form of the MARS rating scale for cerebral microbleeds (CMB) is provided

in figure D.1.

We used the regions and structures as specified in this form for obtaining au-

tomated ratings of CMBs in chapter 6. We combined both the left (L) and right

(R) divisions of the structures/regions to provide a single CMB count in each struc-

ture/region, thus avoiding any lateralisation. Also, we combined both possible and

definite cases to get a single score for each structure/region.
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Figure D.1: A sample Microbleed Anatomical Rating Scale (MARS) form for CMB rating.
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Appendix E

Modelling the WMH distribution
using Bayesian inference:
additional experiments

E.1 Number of iterations in the optimisation step

for convergence

For the optimisation of the Bayesian inference model, we specified the maximum

number of iteration to 50 empirically, setting more number of iterations than needed.

Figure E.1 shows the convergence curves of the norm values of the gradient (calculated

from eqn. 3.20) for the OXVASC and UKBB datasets. As specified in section 3.2.4,

we set the final convergence tolerance value for the decrease in the norm value of

gradient as 1 × 10−4. In case of both datasets, we model WMH distribution with

respect to age. In case of the OXVASC dataset, the optimisation is faster since it

consists of vascular cohort with relatively high WMH loads. Hence, R matrix is

denser and its values increase for the higher age bins as expected, thus resulting in

the quicker convergence.

For the UKBB dataset, the hypertensive (HT) group has higher WMH load in

general (we showed in the results that the WMH probabilities increase significantly

in the deep regions) when compared to the non-hypertensive (non-HT) group. Hence

the non-HT group is a difficult case where the values of R matrix are quite lower and

sparser, compared to the HT group, resulting in smaller changes in the gradient and
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Figure E.1: Convergence curves for the optimisation of the Bayesian inference algorithm. The
convergence of the norm value of the gradient maps shown for (a) the OXVASC dataset (blue) and
(b) the UKBB dataset. The hypertensive (HT) and the non-hypertensive (non-HT) groups of the
UKBB dataset are shown in purple and green colours respectively.

hence the slower convergence. Therefore, we can observe that while the optimisation

algorithm converges at around 20 iterations for the straight-forward cases, it requires

slightly more iterations for the difficult cases. Hence, the empirically chosen value of

50 would allow for the convergence of the algorithm for different cases.

E.2 Effect of the intermediate b-spline knot spac-

ing values on simulated data

In section 3.5.1.1 of chapter 3, we have discussed the effect of b-spline knot spacing

on the simulated data, with the knot spacing values of 2 and 6 voxels. The MSE

values show that knot spacing of 2 voxels provided the best results on the simulated
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data. In this appendix, we show the effect of intermediate knot spacing values (3, 4

and 5 voxels) and the standard deviation of the kernel K used in the ground truth

estimation independently on the error values on the simulated data. Figure E.2 shows

the effect of change in knot spacing values and the kernel K on the error values.

Figure E.2: Comparison of error maps for various values of knot spacing in our Bayesian spline
method θ̂ and standard deviation (sigma) values for smoothing kernel in simulation ground truth
θtrue. Within the table, the top row shows error maps and mean-squared error (MSE) values, when

θtrue, generated using a smaller symmetric kernel (sigma = 0.8) is compared against θ̂ modelled
with b-spline knot spacing of 3, 4 and 5 voxels respectively. Similarly, the bottom row shows error
maps and MSE values for comparison of smoothing kernel K with larger symmetric kernel (sigma =

1.5) in θtrue against θ̂ with the three values of b-spline knot spacing.

As shown in the figure, all cases of knot spacing provide lower MSE values against

the ground truth with smaller K with a sigma value of 0.8, compared to the larger

kernel (sigma = 1.5). Also, the MSE values increases with increase in knot spacing

values for both the cases of the ground truth kernels. From figure 3.5 in chapter 3,

the MSE value corresponding to the knot spacing of 2 voxels is lower than that cor-

responding to the knot spacing of 3 voxels. Hence, as specified in the section 3.5.1.1,
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we used the knot spacing of 2 for the simulated and real data experiments. The

knot spacing values of 5 and 6 voxels provided high MSE values since they introduce

spurious smoothness in the results, thus resulting in high values in the error maps.
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Appendix F

Analysis of LOCATE threshold
histograms

We analysed the characteristics of LOCATE thresholds by exploring (i) how rep-

resentative the LOCATE threshold histogram is for a specific dataset and (ii) how

LOCATE threshold histogram characteristics changes for various datasets.

F.1 Case 1: LOCATE threshold histogram char-

acteristics within a specific dataset

We analysed the LOCATE threshold values for different subjects of a specific dataset.

We chose 5 randomly sampled subjects from the vascular cohort of the OXVASC

dataset with various WMH loads (27797, 16033, 6557, 4673 and 15774 mm3) and de-

termined their LOCATE threshold values. Figure F.1(a-e) shows the threshold maps

and normalised histograms of estimated LOCATE threshold values for the above se-

lected subjects and figure F.1f shows the superimposition of the histograms. The

normalised histogram provides a fair comparison since the number of Voronoi sub-

regions NV or reg (mentioned in the histogram plots) varies between different subjects.

From the figure, it can be observed that the distribution of LOCATE thresholds

remains almost consistent for various subjects within a specific population. Irrespec-

tive of the WMH loads, the LOCATE threshold histograms were widely spread with

a small peak at 0.5. The wider spread could be due to the presence of more low

contrast deep WMHs in addition to the periventricular WMHs.
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Figure F.1: Analysis of LOCATE thresholds within a dataset. Normalised histograms shown along
with LOCATE threshold maps (the colour bar indicates the threshold values), manual segmentations
and LOCATE outputs shown for 5 sample subjects from (a) to (e); the number of Voronoi sub-regions
NV or reg is specified in the histogram plot for each case. (g) The normalised histograms from cases
(a - e) superimposed for the visual comparison.
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F.2 Case 2: LOCATE threshold histogram char-

acteristics across different datasets

We analysed the characteristics of threshold values estimated by LOCATE for various

datasets. We considered 6 representative subjects with wide range of clinical and

lesion load characteristics as follows: Alzheimers disease (NDGEN), recent minor

TIA (OXVASC), CADASIL, healthy controls (HC), data from memory clinic (MWSC

Amsterdam and Utrecht). Figure F.2(a-f) shows the threshold maps and normalised

histograms (number of Voronoi sub-regions NV or reg mentioned in the histogram plots)

of estimated LOCATE threshold values for the above selected subjects and figure F.2g

shows the superimposition of the histograms. The threshold maps and the histograms

show that the range and distribution of threshold values varies for different datasets

based on their lesion contrast and demographics of the population.

We found that healthy controls and subjects with more periventricular lesions

have high probability values in general (e.g. HC, NDGEN, MWSC - Amsterdam).

The histograms of OXVASC and MWSC - Utrecht have a wider spread since the

selected sample subjects had more deep lesions with various contrast at different

spatial locations compared to other cases. The histogram of the LOCATE thresholds

predicted for CADASIL subject is quite interesting - it has two distinct peaks at 0.2

and 0.5. Despite of the fact that the LOCATE model for CADASIL is trained on

the OXVASC dataset, the peak at 0.2 confirms that this value, which is also the

recommended global threshold by the clinician based on the visual inspection, is a

reasonable choice since it has the highest frequency. However, the other peak at

0.5 indicates that a considerable number of sub-regions had a threshold value of 0.5,

resulting in more accurate and less noisy detection with LOCATE, when compared

to a global threshold (which is also evident from other cases such as the one in row 3

in Figure 4.18 in Chapter 4).

Overall, we found that while the distribution of LOCATE thresholds is fairly

consistent within a specific population, it varies across different populations depending
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Figure F.2: Analysis of LOCATE thresholds for various datasets. Normalised histograms shown
along with LOCATE threshold maps (the colour bar indicates the threshold values), manual seg-
mentations and LOCATE outputs shown for 6 sample subjects, each from (a) NDGEN, (b) OXVASC,
(c) CADASIL, (d) HC, (e) MWSC - Amsterdam and (f) MWSC - Utrecht datasets; the number of
Voronoi sub-regions NV or reg is specified in the histogram plot for each case. (g) The normalised
histograms from cases (a - f) superimposed over one another for the visual comparison.
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on the lesion characteristics (e.g. contrast and spatial distribution) and demographics

of the population.
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Hennerici, et al. Changes in white matter as determinant of global functional decline
in older independent outpatients: three year follow-up of LADIS (leukoaraiosis and
disability) study cohort. Bmj, 339:b2477, 2009.

[321] C Dufouil, A de Kersaint-Gilly, V Besancon, C Levy, E Auffray, L Brunnereau,
A Alperovitch, and C Tzourio. Longitudinal study of blood pressure and white matter
hyperintensities the EVA MRI cohort. Neurology, 56(7):921–926, 2001.

[322] Rebecca F Gottesman, Josef Coresh, Diane J Catellier, A Richey Sharrett, Kathryn M
Rose, Laura H Coker, Dean K Shibata, David S Knopman, Clifford R Jack, and
Thomas H Mosley. Blood pressure and white-matter disease progression in a biethnic
cohort: Atherosclerosis risk in communities (ARIC) study. Stroke, 41(1):3–8, 2010.

[323] Change in stroke incidence, mortality, case-fatality, severity, and risk factors in Ox-
fordshire, UK from 1981 to 2004 (oxford vascular study.

[324] Philip Wolfe. Convergence conditions for ascent methods. SIAM review, 11(2):226–
235, 1969.

[325] DM Bortz and CT Kelley. The simplex gradient and noisy optimization problems. In
Computational methods for optimal design and control, pages 77–90. Springer, 1998.

[326] Anderson M Winkler, Gerard R Ridgway, Matthew A Webster, Stephen M Smith, and
Thomas E Nichols. Permutation inference for the general linear model. Neuroimage,
92:381–397, 2014.

[327] Vaanathi Sundaresan, Giovanna Zamboni, Campbell Le Heron, Peter M. Rothwell,
Masud Husain, Marco Battaglini, Nicola De Stefano, Mark Jenkinson, and Ludovica
Griffanti. Automated lesion segmentation with BIANCA: impact of population-level
features, classification algorithm and locally adaptive thresholding. bioRxiv, DOI:
10.1101/437608, 2018.

[328] Tracy D Vannorsdall, Shari R Waldstein, Michael Kraut, Godfrey D Pearlson, and
David J Schretlen. White matter abnormalities and cognition in a community sample.
Archives of clinical neuropsychology, 24(3):209–217, 2009.

[329] Maria Del C Valdés Hernández, Francesca M Chappell, Susana Muñoz Maniega,
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