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Abstract

Acute ischemic stroke is caused by a blockage in the arteries causing hypo-perfusion and subse-

quent death of brain regions. With a loss rate of approximately 1.9 million neurons per minute in a

stroke patient, there is a need for administering the appropriate treatment as fast as possible. After

the patient is discharged from the intensive care unit, patient-speci�c rehabilitation management

is necessary to ensure optimal outcome. Within this context, a detailed understanding of the im-

portance of different brain regions for different clinical outcomes is required for acute treatment

decision making and optimal rehabilitation therapy.

Therefore, the primary objectives of this work are: (i) to improve the current understanding

of brain-behaviour relationships by advancing existing lesion-symptom mapping techniques; and

(ii) to explore the utility of lesion-symptom mapping for predictive modelling of long-term stroke

outcomes. Statistical learning, medical image analysis, and machine learning techniques are em-

ployed to develop improvements in de�ning structure-function relationships, quantifying burden

of lesion across brain regions, and integrating these image-based features with clinical descriptors

of a patient’s medical condition into a predictive model. Speci�cally, a multi-modal stroke-speci�c

brain atlas for the elderly is developed, the relative importance of covariates in a lesion-symptom

mapping analysis are investigated, lesion-symptom mapping techniques are employed with sub-

score information to reveal hidden category-speci�c structure-function relationships, a novel met-

ric to quantify the structural integrity of white matter tract is proposed, and �nally, the predictive

modelling of long-term stroke outcomes with and without the use of lesion-symptom mapping is

explored in a nested regression framework.
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This research presents a general framework for predictive modelling in patients with brain

lesions that includes neuroimaging and clinical information. It can be adapted for various time

points along the standard stroke care protocol (treatment support in-hospital or rehabilitation sup-

port post-discharge). Generally, the methods proposed in this work could also be applied to many

other problems in the neuroimaging and precision medicine communities. Overall, the proposed

methods have the potential to improve patient care by enabling more precise patient-speci�c treat-

ment and disease management for stroke.
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Chapter 1

Introduction

1.1 Motivation

The 2017 Heart and Stroke report states that each year 62,000 Canadians suffer from a cerebral

stroke. Although eighty percent of these patients survive the stroke, severe long-term disabili-

ties may occur as early as four hours after stroke onset [1]. It is crucial to administer therapies

within this time window to prevent death of brain tissue that is still salvageable and enable the best

outcome for each individual patient. Imaging of an acute ischemic stroke displays the location

and volume of cerebral injury, also known as the infarct core, as well as the hypo-perfused, yet

salvageable tissue-at-risk. The volumetric difference between the core and tissue-at-risk (among

other factors) largely determines the immediate treatment decisions on a case by case basis. A

precise estimate of stroke severity requires an understanding of the correlation between the le-

sion location and lesion volume to the clinical outcome of the stroke patient [2]. However, the

importance of brain regions affected by the ischemic core and tissue-at-risk is not systematically

taken into account for treatment decision in most cases. Likewise, an improved understanding of

the importance of brain regions affected by a stroke for clinical outcome could also help tailoring

rehabilitation treatment to individual patients.

Different brain regions have different functions. Thus, a lesion in a speci�c brain region (e.g.,

motor cortex) might lead to a poor clinical outcome in one measured scale (e.g., the ability to

1



dress independently) but not in another (e.g., ability to comprehend instructions). In other words,

lesions of similar volumes in functionally different areas of the brain can result in different clinical

outcomes. The study of correlating the in�uence of lesion properties (location and volume) on a

voxel1 level to the clinical outcome of the stroke is known as lesion symptom mapping. It is a

statistical method to investigate the relationship between the structure (i.e., extent of the lesion)

and the function (i.e., severity of the clinical outcome) in an acute ischemic cohort.

These structure-function relationships could be used to build predictive models of clinical out-

come measures using machine learning approaches. The resulting models can also be augmented

with treatment information and/or patient medical history to enable prediction of long-term clin-

ical outcome measures. These predictive models of stroke outcomes could assist clinicians and

physiotherapists to plan patient-speci�c treatment and recovery therapies.

1.2 Proposed Research Framework

The primary objective of this research work is to model and predict long-term stroke outcomes

in individual patients with an acute ischemic stroke. In particular, the usefulness of including

structure-function relationships alongside clinical descriptors of a patient’s case history to model

the long-term stroke outcomes is explored. These include patient medical history: diabetes, car-

diovascular disease, atrial �brillation etc.; modi�able risk factors: blood pressure, smoking status,

alcohol consumption etc.; non-modi�able risk factors such as age. As illustrated in Figure 1.1, a

two-stage framework to incorporate the structure-function estimates to guide a predictive regres-

sion model is proposed. The main parts of this work�ow are brie�y described in the following.

1A data-point in 3D grid or a ‘volumetric pixel’.
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Figure 1.1: An illustration of the proposed research.

1.2.1 Modelling the relationship between lesions and clinical outcome

The �rst step is to identify regions of interest (ROIs) in the brain. This structure-function rela-

tionship is estimated for a given clinical outcome score using statistical learning techniques at a

population-level. The result is a list of brain regions, which are critically associated to the clinical

outcome score, serving as the neural correlates of stroke for downstream analysis. The next step

is to identify features for individual patients from neuroimaging2 that are clinically relevant to the

diagnosis of acute ischemic stroke. This is done by employing medical image analysis techniques

resulting in region-wise metrics that estimate the extent to which the structural integrity of the

brain tissue was compromised by the stroke in that region, serving as image-based biomarkers of

stroke.

1.2.2 Predicting long-term stroke outcome with lesion load and clinical presentation

The resulting image-based biomarkers, along with the aforementioned clinical descriptors of the

stroke patient, are used as input features to train a machine learning model that predicts the long-

term clinical outcome. The brain regions along with the predictions are validated to ensure that the

results are clinically reasonable.
2Three-dimensional images of the brain.
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1.3 Signi�cance

A predictive model of the long-term stroke outcome that includes neural correlates3 of stroke-

induced behavioural de�cits, image-based biomarkers, clinical risk factors, and patient medical

history might serve as a computer-aided diagnostic decision support system for stroke clinicians.

The regions of the brain deemed critical for a given clinical disability might contribute to the

existing knowledge about brain-behaviour relationships. The relative importance of the structural

integrity of the brain with pre-existing medical conditions, patient demographics, and lifestyle

factors might greatly in�uence patient management. Lastly, the proposed integration of machine-

learning and statistical-learning frameworks for developing data-driven models of patient recovery

can be extended to multiple clinical outcomes, and more importantly, generalizes to the study of

many cerebrovascular disorders.

1.4 Thesis Outline

This thesis is organized as follows. In Chapter 2, the pathophysiology of stroke is described along

with the standard imaging protocol, clinical assessments, and treatment options used in acute is-

chemic stroke patients. The framework of lesion-symptom mapping (LSM) is introduced and

placed in the context of exploring the neural correlates of stroke outcomes. The factors that in�u-

ence and bias the LSM analyses are also discussed. The reader is also introduced to the advances

in machine learning based formulations of the stroke outcome prediction task. Finally, the research

gaps in the literature are identi�ed and the speci�c research problems attempted to be solved as

part of this thesis are motivated.

Chapters 3 to 7 of this thesis correspond to the peer-reviewed publications published as part of

this research endeavour. Chapter 3, 4, and 5 pertain to the �rst component of this thesis, which

aims to model the relationship between lesions and clinical outcomes. Chapters 6 corresponds to
3Brain regions that are not only involved in, but are also critically associated with a behaviour or function.
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the second component of this thesis, which is to develop image-based biomarkers that quantify the

burden of the lesion in speci�c regions of interest. Chapter 7 relates to the last aim of the thesis,

which is the predictive modelling of long-term outcomes by integrating multi-modal clinical data

of the stroke patient.

Finally, Chapter 8 presents a discussion regarding the clinical relevance of this research project

and identi�es the limitations posed by the technical solutions to building decision support systems

for patient-speci�c stroke treatment and management. Lastly, this chapter concludes the thesis

by summarizing the main conclusions and contributions of this research alongside the potential

research direction for future work.
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Chapter 2

Literature Review

2.1 Acute Ischemic Stroke

Cerebrovascular stroke occurs when the supply of blood to the brain drastically �uctuates causing

an imbalance in ambient oxygen and nutrient levels. Acute ischemic1 stroke is caused by the

formation of a clot (known as thrombus) and the subsequent reduction in blood �ow to the brain

tissue supplied by the blocked artery. Ischemic stroke constitutes nearly 65% of the global burden

of stroke and is therefore regarded as the most commonly occurring stroke variant (with primary

intra-cerebral hemorrhage: 26% and sub-arachnoid hemorrhage: 9%) [3].

The thrombus occluding an artery blocks blood supply to a part of the brain and subsequently

results in loss of brain tissue (a.k.a., ischemia). The region of irreversible insult is referred to as

the ischemic core, while the salvageable brain tissue constitutes the ischemic penumbra, which

includes the brain tissue that is still salvageable. If the thrombus is not resolved, the ischemic core

expands into the penumbra over time. The �eld of neurostereology2 estimates that a typical large

vessel occlusion can result in the loss of 1.9 million neurons per minute in acute ischemic stroke

[1]. To put it in perspective, for every hour an acute ischemic stroke patient is left untreated, the pa-

tient’s brain is assumed to age 3.6 years when compared with neuronal loss resulting from healthy

brain aging [1]. Furthermore, severe long-term disabilities may manifest as early as four hours
1Greek: iskhein! ‘keep back’ + haima! ‘blood’.
2The science of three-dimensional quanti�cation of cells.
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after stroke onset [1]. Hence the phrase �Time is Brain� is well-known in the stroke community.

It is, therefore, crucial to administer the appropriate treatment in a timely manner.

2.1.1 Physiology of Ischemia

There are various complex cellular mechanisms that follow an ischemia that determine the ex-

tent of the ischemic core and ischemic penumbra. This series of events, generally known as the

ischemic cascade, includes energy failure, in�ammation (a.k.a., edema3), disruption of the blood-

brain barrier (BBB), and cell death. Understanding the mechanisms of these events helps guiding

the choice of diagnostic imaging techniques for each stage of the acute ischemic stroke event.

1. Cytotoxic edema:

As mentioned before, due to a vessel occlusion the level of cerebrovascular blood

�ow (CBF) drops. At CBF levels below 10mL/100g of brain tissue (a.k.a., ischemic

threshold), there is a failure of the intra- and extra-cellular ion balance. This results

in an upsurge of Na+ concentration and �uid accumulation within the cells [4]. Col-

lectively, this in�ammatory response occurring in the intra-cellular space is known

as cytotoxic edema4.

2. Disruption of BBB and vasogenic edema:

When the neurovascular matrix is disrupted, there is an increased permeability of

the BBB. This causes an excessive leakage of �uid, in�ammatory factors, and serum

proteins from the BBB into the extra-cellular space, in turn dsyregulating the neu-

rovascular homeostasis. This accumulation of �uid in the extra-cellular space, re-

sulting from a disrupted BBB, is known as vasogenic edema [5]).

3. Cell death:

The mechanism of neuronal loss is different in the cerebral regions closest to a
3Greek: oidein! ‘to swell’.
4Poisonous to cells.
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vessel occlusion (ischemic core) and regions in its periphery (ischemic penumbra).

Within the ischemic core, an increase in the intra-cellular Ca2+ ions and loss of

membrane integrity results in swelling of cellular organelles, increased toxicity,

and eventually leads to irreversible necrosis (i.e., cell death). In the penumbral

regions, however, organelles begin to shrink and DNA begins to fragment, which

is an energy-dependent process (i.e., programmed cell death). Another important

difference is that the necrotic cell death in the ischemic core results in edematous

tissue, which is absent in the apoptotic cell death in the penumbra [4, 5]. Re-

oxidating the penumbra can often result in salvaging brain tissue from a complete

apoptosis5.

2.1.2 Neuroradiology for Stroke

There are various sequences of computed tomography (CT) and magnetic resonance imaging

(MRI) that are used clinically to determine the location and extent of the irreversible (ischemic

core) and reversible (ischemic penumbra) neuronal losses. The choice between CT and MRI is

often predicated on the availability of imaging infrastructure, cost, imaging time, ease of patient

management, and contradictions due to pre-existing comorbidity [6]. While MRI is known to have

a high speci�city to detect ischemia, it often requires a longer imaging time, is more expensive, not

available across all emergency stroke care centres, and it is harder to stabilize patients within the

scanner for the entire duration of the scan. Furthermore, a patient who has a pace-maker implant

may not be eligible for MRI, whereas a patient with chronic renal failure might not withstand the

contrast agents injected during CT [7]. A subset of the imaging sequences and techniques that are

relevant to acute ischemic stroke are outlined below6.
5Greek: apo! ‘from’ + ptflosis! ‘falling, a fall’.
6This listing is not exhaustive. Reader is guided to [8] for a detailed discussion.
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2.1.2.1 Computed Tomography

Non-contrast CT (NCCT):

In less than a minute of imaging time, NCCTs are able to successfully rule out hemor-

rhages7. NCCTs are also used to identify the presence of large vessel occlusion [8] that

generally cause hemispheric lesions and necessitate a different treatment protocol (see

subsection 2.1.5).

CT perfusion (CTP):

CT perfusion is a time-resolved 3D imaging sequence acquired after the application of

contrast agent that can be used to estimate of the cerebral blood volume, cerebral blood

�ow, the time-to-maximum of the residue function, and the mean transit time of the brain

tissue perfusion. These perfusion parameter maps are commonly used to segment the

infarct8 core region and the penumbra. While several thresholds have been proposed in

literature, typically regions with a reduced CBF < 30% of contra-lateral CBF are de�ned

as the ischemic core and the hypo-perfusion is de�ned as regions where Tmax > 6-seconds

[9]. The restoration of normal CBF, i.e., re-perfusion, is attempted to salvage the penumbra

[10]. The tissue-at-risk can then be determined by subtracting the ischemic core from the

hypo-perfusion. Generally, it is assumed that patients with a large tissue-at-risk and small

ischemic core will bene�t the most from any re-perfusion therapy. However, the brain

regions involved in the tissue-at-risk are not typically included in this decision making.

CT angiography (CTA):

Angiography9 images identify the precise location of the occlusion in the supplying arter-

ies. It is also used to assess the strength of blood vessels that can help maintain (or restore)

normal circulation in the penumbral region (a.k.a., collateral circulation.) [11].
7Variant of stroke caused by a vessel that bursts and �oods the brain tissue with blood (hyper-oxygenation).
8Latin: in! ‘into’ + farcire! ‘to stuff’.
9Greek: angieon! ‘vessel’ + graphein! ‘to write’.

9



2.1.2.2 Magnetic Resonance Imaging

Diffusion-weighted MR imaging (DWI):

As the name suggests, this MRI sequence can be used to quantify the amount of diffusion

within the brain. Particularly, DWI can identify reduced diffusion indicating cytotoxic

edema and / or necrosis at a very early stage of the ischemia [8].

Fluid Attenuated Inversion Recovery (FLAIR):

In FLAIR scans, all signal intensity from the cerebrospinal �uid is nulled allowing for a

better distinction of lesions in the peri-ventricular space. FLAIR datasets can also be used

to identify subdural hematomas and hemorrhagic transformations of the infarct [12, 13].

Perfusion-weighted MRI and MR angiopgraphy:

They are MRI-based counterparts to CTP and CTA, respectively. The difference between

the DWI and PWI (DWI-PWI mismatch) scans is used to determine the extent of sal-

vageable tissue that can bene�t from interventional treatment (see subsection 2.1.5). This

estimate of the difference in lesion volume in DWI and PWI lesion volume is typically

used to de�ne the ischemic penumbra so that CBF is not needed to de�ne the core as done

when using CTP for this purpose. A treatment decision is typically made (among other

factors) by also consulting the location and extent of this ischemic penumbra.

2.1.3 Standard Diagnostic Imaging Protocol

In the timeline of an ischemic stroke, four stages are identi�ed, viz.: hyper-acute, acute, sub-acute,

and chronic stage. In each of these stages, various imaging protocols outlined in subsection 2.1.2

are employed for diagnostic imaging. The timelines listed below are theoretical and based on the

cellular and metabolic changes and discussed here with substantial approximations. Unless stated

otherwise, these following guidelines are based on the descriptions provided by Kanekar et al. in

[4]:
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1. Hyper-acute [onset - < 12 hours]: Penumbral regions of the infarct observed during

this stage have the potential to be restored. DWI sequences (see Figure 2.1a) capture

these cytotoxic changes within minutes to hours of stroke onset with a sensitivity

of 88% and a speci�city of 86% [4]. CT scans within eight hours of stroke (see

Figure 2.1c) display decreased attenuation in the region of infarction.

2. Acute [12 - 24 hours]: During this phase, there is a steep progression of cytotoxic

edema that leads to an increased water uptake. These changes are typically de-

tectable on T2-weighted MRI within 6-8 hours of onset.

3. Sub-acute [2 days - 2 weeks]: A surge in vasogenic edema marks the onset of

the sub-acute ischemic cascade. The diffusion-weighted MRI sequence is sensitive

to vasogenic changes mostly between 3-6 days from onset, with the peak image

intensity at 6 days.

4. Chronic [2 weeks - 6 months]: Three major changes occur during this stage: the

BBB is restored, vasogenic edema is resolved, and the necrotic tissues are ex-

punged. FLAIR imaging (see Figure 2.1b) begins to pick up these physiological

changes of the chronic stage at two weeks (acute stage at 48 hours post stroke),

with the peak image intensity around one month from onset. At this chronic stage,

the speci�city of CT to display the lesion is drastically reduced.

2.1.4 Clinical assessments of Stroke Severity

2.1.4.1 Classi�cations

The evidence based stroke reviews (EBRSR) expounds the use of the International Classi�cation

of Functioning, Disability and Health (ICF) in classifying stroke outcome measures [14]. In 2001-

2002, the ICF updated and de�ned the three levels of human functioning as body function, activity,

and participation. These correspond to the impairments of anatomical structures, dif�culty in com-
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(a) (b) (c) (d)

Figure 2.1: Sample images with lesion outlined in red: (a) baseline DWI shows edematous tissue;
(b) follow-up FLAIR con�rms the infarct core in the peri-ventricular space; (c) baseline NCCT has
no indication of hemorrhages, but con�rms a large vessel occlusion; (d) follow-up NCCT identi�es
lesion progression and some hemorrhagic transformations.

pletion of an activity, and dif�culty in ful�lling a role or navigating a life situation, respectively.

The EBRSR acknowledges that although most stroke clinical outcomes do not exclusively belong

to either of the three categories, their membership can be loosely assigned to the category they

measure the most. Within this context, the proposed grouping of the clinical outcome scores, bor-

rowed from [15], is summarized in Table 2.1. This table also lists the differences in scores used in

the hospital and in therapy post-discharge.

Of the scores introduced in Table 2.1, the ones commonly used as the primary outcome in

clinical trails, and therefore included in this thesis, are described in detail below10.

Modi�ed Rankin Scale (mRS):

The mRS is a gross outcome measure that categorizes the level of clinical outcome in the

range of 0-6 as follows [14]:

� 0: No symptoms

� 1: Able to carry out all usual duties and activities

� 2: Unable to carry out all previous activities but able to look after own affairs

without assistance
10For description of other scores, the reader is directed to Chapter 20 of the EBRSR and the stroke engine.
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� 3: Requiring some help, but able to walk without assistance

� 4: Unable to walk without assistance, and unable to attend to own bodily needs

without assistance

� 5: Bedridden, incontinent, and requiring constant nursing care and attention

� 6: Death

The mRS utilizes the patient’s pre-stroke levels of independence while discounting existing

de�cits. However, this simple scale is biased mostly towards motor and sensory de�cits. The mRS

is frequently used as a binarized measure to indicate ef�cacy of treatment administered to a patient,

with 0-2 indicating a favourable long-term clinical outcome. It is typically assessed at admission

and/or triage, pre-treatment (within 12-hours), post-treatment (within 24-hours), at discharge or 30

days, and 90 day follow-up11.

National Institutes of Health Stroke Scale (NIHSS):

NIHSS contains 11 sub-�elds to assess the level of consciousness, horizontal eye move-

ments, upper and lower quadrants of the visual �eld, facial palsy, appropriate positioning

of arms and legs, lack of voluntary co-ordination in limbs, sensory re�exes, language ex-

pression and comprehension, and spatial neglect12. The range of NIHSS is 0 (normal) �

42 (severe). The maximum sub-score for each item is as follows [17]:

� Motor and sensory function: 20

� Level of consciousness: 7

� Language: 5

� Visual �eld and gaze: 5

� Facial palsy: 3
11In theory, neurological recovery after a stroke is said to peak occur around 90 days after symptom onset [16].
12Reduced awareness of stimuli on either the right or left side of the patient.
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� Neglect: 2

The score is often assessed at baseline, two hours post-treatment, 24-hours, 30-days, and 90-

days after symptom onset. However, it must be noted that the score favours assessment of left

hemispheric strokes. This is due to the substantial representation of language specialization in the

left hemisphere, and a majority of right handedness in any sample cohort (indicating severe de�cits

in the left hemispheric motor and sensory regions). Furthermore, extremely severe stroke subjects

cannot test for many items on the NIHSS, resulting in a ceiling effect particularly in the upper

extremities [18].

Categories Scores Use in clinical practice

In-hospital Physiotherapy

Body function

NIH Stroke Scale (NIHSS) Yes Yes
Montreal Cognitive Assessment (MoCA) Yes Yes
Behavioural Inattention Test No Yes
Fugl-Meyer Assessment No Yes
Line Bisection Test No Yes

Activity

modi�ed Rankin Scale (mRS) Yes No
Barthel Index Yes Yes
Action Research Arm Test No Yes
Chedoke-McMaster Stroke Assessment No Yes
Functional Independence Measure No Yes
Nine Hole Peg Test No Yes

Participation EuroQol-5D (EQ5D) Yes Yes
Stroke Impact Scale No Yes

Table 2.1: Grouping of clinical scores among the International Classi�cation of Functioning, Dis-
ability and Health levels of human functioning.

2.1.4.2 Inherent properties

Table 2.2 consolidates the psychometric properties of the scores introduced earlier from the EBRSR.

Reliability refers to both inter-rater reliability (Kappa, Spearman or Pearson correlations) and in-

ternal consistency (Cronbach’s Alpha). As per EBRSR, the kappa statistics > 0.75 are deemed

excellent, 0.4 � 0.74 as adequate, and < 0.4 as poor test-retest reliability. The Cronbach’s alpha
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statistics > 0.8 are deemed excellent, 0.7 � 0.79 as adequate, and < 0.7 as poor internal consis-

tency. Validity refers to the extent to which the outcome measures what it proposes to, usually

quanti�ed by receiver-operator characteristic curves. As per EBRSR, the area under the curve

(AUC) > 0.9 is deemed as excellent, 0.7 � 0.89 as adequate, and < 0.7 as poor validity.

Outcome Ceiling effects Time points Reliability Validity

NIHSS Upper-extremities Multiple Adequate Excellent
mRS Motor Multiple Adequate Adequate
MoCA None 90 Days Excellent Excellent

Table 2.2: Inherent properties of stroke severity assessments.

2.1.5 Treatments Options

Acute ischemic stroke has two major treatments options that aim to remove or dissolve the blood

clot, which is responsible for the death of salvageable brain tissue.

� Medication: administering a thrombolytic drug to chemically resolve the thrombo-

sis, the so-called tissue plasminogen activator (tPA). Thrombolysis is the standard

care for stroke patients who are stable, have mild symptoms for less than 4.5 hours,

and have a small penumbra, which does not occupy brain regions responsible for

vital body functions [19].

� Intervention: mechanical thrombectomy to remove the clot, typically referred to

as endovascular therapy (EVT). EVT is typically provided to patients with severe

de�cits, a large penumbra13, large vessel occlusion, or those on prescription anti-

coagulation medication, and presented outside the 4.5 hour window for thromboly-

sis [19].

EVT has been shown to have signi�cantly higher ef�cacy than thrombolysis. However, EVT

can only be performed in specialized tertiary centres, resulting in limited resources and often re-
13Generally assessed by the extent of diffusion-perfusion mismatch.
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quiring to triage patients, which is time consuming. Additionally, EVT has its own inherit risks

that need to be taking into account during treatment decision. Therefore, only patients who are

expected to bene�t from EVT are currently selected for this treatment.

For instance, regardless of the volume, if the penumbra involves critical brain regions (eg.,

insula, hippocampus, brain stem), EVT can generally be the choice of treatment to ensure a good

patient outcome. On the contrary, if the penumbra is large but does not involve critical brain

regions, tPA might still administered to minimize risks from invasive treatment and free resources

for patients who might bene�t more from EVT. A predictive decision support system that includes

this neuroimaging information has the potential to assist clinicians in diagnostic decision support

in an objective manner. Furthermore, the ef�cacy of stroke treatment hinges not only on the choice

of treatment but also on the time to treat the patient.

2.1.6 Need for Decision Support

Recent studies on stroke outcome prognostication14 have investigated the accuracy and consistency

in clinician judgment while predicting the probability of patient outcomes. The JURaSSiC study

involved 111 acute ischemic stroke experts, 1415 patients, and modi�ed Rankin Scale (mRS) as

the primary outcome to predict death (mRS = 6) versus disability (mRS � 3) at discharge [20].

The study reports that the clinicians’ accuracy in predicting death or disability at discharge was

as low as 16.9% with 48% of the clinicians being unable to predict the individual outcomes on

the mRS, and none accurately predicted all the outcomes15. The authors of the study state: �As

shown in our study, many diagnostic and prognostic variables are so complex in their interaction

that an accurate answer may not be reached solely on personal experience or greater expertise�

and �Judgment errors are often ascribed to limitations in our cognitive capacities to deal with

imperfect information and the human tendency to adopt shortcuts in reasoning� [20]. Within

this context, it would not be an exaggeration to conclude that, although the state-of-the-art stroke
14Latin: pro! ‘before’ + gn�osis! ‘knowing’ = foreknowledge or prediction.
15The study also goes on to show that the prediction of patient outcomes was nearly 95% effective when prognosti-

cation scores were used (in comparison to clinician judgment).
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treatment and patient management is moving towards rapid personalized care, it is still largely

subjective in nature.

This variation in patient prognosis is reported to result in inequitable access to rehabilitation

services [21]. A recent review on the usefulness of neuroimaging data in predicting functional

outcomes reports that utilizing imaging data alongside patient demographics, comorbidities, and

treatment decision can predict the likelihood of recovering a functional ability after 6-months from

stroke, which is within the typical rehabilitation window [22]. The authors also report that most

of the studies that claim to assist in rehabilitation planning by predicting function recovery in

communication, cognition, ability to drive etc., are conducted at the chronic stage of recovery (6-

months to 1-year from stroke). However, to be clinically relevant to rehabilitation planning, these

predictive models should utilize acute imaging and neurological assessments such that they can

provide decision support at much earlier stages of therapy.

Therefore, in addition to predicting the patient outcome for a given treatment, a general frame-

work to model stroke outcomes can also be adapted to support patient-speci�c rehabilitation. Con-

sider a patient with multiple post-stroke comorbidities of varying severities. Outcome prediction

models can be used to suggest treatment goals that maximally bene�t each patient after a holis-

tic consideration of the level of assistance (�nancial and familial), lifestyle, and medical history.

Therefore, there is a need for a uni�ed decision support framework that enables patient-centric

stroke treatment starting from admission to the hospital, treatment decision making, post-treatment

observations, and post-discharge care.

Computer-aided decision support systems have the potential to overcome these limitations

and offer diagnostic and rehabilitative decision-support in an objective, data-driven, and patient-

speci�c manner. That is the main focus of this thesis - to propose a framework for building a

decision support system that can assist clinicians to arrive at patient-speci�c acute ischemic stroke

treatment and rehabilitation management. However, as alluded to in section 1.2, this requires a

foundational understanding of the relationship between the structural integrity of the brain (i.e.,
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lesions) and the clinical and / or functional de�cit induced by the stroke. Therefore, in order to

improve acute decision making and rehabilitation planning, there is a need to develop a holistic

understanding of the importance of brain regions affected by a stroke lesion on different outcome

scores.

2.2 Estimating the Brain-behaviour Relationships

The advent of lesion studies in neuropsychology began in the year 1861 when Paul Broca sus-

pected the involvement of the inferior frontal gyrus in speech production16. In less than a decade

afterwards, Carl Wernicke identi�ed the critical association of the posterior temporal cortex of the

left hemisphere, in language comprehension [24]. An illustration of these �rst discoveries in brain-

behaviour relationships is shown in Figure 2.2a. These case studies as well as the development of

(a) (b)

Figure 2.2: Illustrations of the region-based overlap method for brain-behaviour relationship esti-
mation: (a) The regions identi�ed by Broca and Wernicke for language synthesis (in orange) and
comprehension (in blue), respectively; (b) The lesion region of maximum overlap in a sample co-
hort outlined in black.

high-resolution imaging methods many years later led to population-based lesion studies, which

included cohorts of stroke patients with similar clinical de�cits. To conduct these �rst group stud-
16Louis Victor Leborgne was Broca’s �rst patient with a unique language de�cit in that he could only say the word

‘Tan’ [23].
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ies, the lesions traced on each individual patient scan were transformed manually17 onto a common

reference space (a.k.a., template or atlas). This resulted in overlap plots, which indicated the most

commonly injured brain regions for the de�cit under investigation (see Figure 2.2b). However,

these region-based methods had a major conceptual limitation, in that, they do not account for

the differential vulnerability of the brain. Morphologically, considering the cerebrovascular sys-

tem and the varying ischemic thresholds, some brain regions are less susceptible to injury than

others [25, 26]. In other words, the structural damage resulting from stroke is not random. Stud-

ies that investigate the topography of stroke and the probability of a lesion across brain regions

have reported different thresholds of hypo-oxygenation that result in ischemia [27]. Speci�cally

they conclude that the ischemic threshold of grey matter (GM) is lower than white matter (WM)

structures. Furthermore, it was observed that the deeper cortical structures such as the caudate

body, putamen nucleus, and the insular ribbon have a higher stroke incidence and percentage of

regional tissue lost [27]. However, a simple region-based overlap analysis does not answer the

question which regions are critically associated with the clinical de�cit observed and which are

generally vulnerable to ischemia (from a morphological standpoint). To overcome this limitation,

studies started to include control subjects in the analysis. Within this context, any stroke patient

who does not display the clinical de�cit of interest is used as a control subject [24]. In the early

2000s, the progression of these region-based methods to quantify lesion-de�cit relationships led to

the research domain of lesion-symptom mapping.

2.2.1 Lesion-symptom Mapping

Lesion-symptom mapping (LSM) is a domain of neuroimaging research that attempts to identify

brain regions that are critically associated with an observed clinical or behavioural de�cit in a

population-speci�c manner. In other words, LSMs are statistical approaches to distinguish regions

of the brain that are crucial for a task, from those regions that are merely associated with the

task. The LSM result is a gross correlation of structural integrity (of all patients in the study
17Anatomical landmarks were used for reference.
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sample) and de�cit of interest. The main advantage of LSM over region-based overlap analyses

lies in delineating the structure-function relationships in ROIs, which contain specialized sub-

regions, each associated with one behaviour [28]. More precisely, LSM answers if the spatial

extent (location and volume) of a lesion correlates with stroke-induced clinical de�cit.

Several sub-disciplines of LSM have been proposed thus far - a MEDLINE search on LSM

studies results in 131 LSM studies over the past decade. The search tag used was: �ischemic

stroke AND (voxel-based lesion symptom mapping OR voxel wise lesion symptom mapping OR

voxel-based lesion behavior mapping OR voxel wise lesion behavior mapping OR VLSM OR

LSM) AND (univariate OR multivariate OR multi-variate)�. Of these, 75 studies were related

to stroke research with 14 studies on ischemic stroke in the last decade alone. These results are

also re�ected in a recent review [29] and Table 2.3 lists, in chronological order, the various LSM

techniques proposed.

Table 2.3: Summary of the main trends in LSM research.

Voxel-wise Year Method
Voxel-wise 2003 Parametric tests
Voxel-wise 2007 Rank-order tests
Causal 2010 Bayesian
Multi-voxel 2014 Support vector regression
Multi-voxel 2017 Sparse Canonical Correlation

2.2.1.1 Voxel-wise LSM

Mathematically, voxel-wise LSM assigns a score to each voxel with higher scores indicating in-

creased importance of the voxel with respect to the clinical outcome score (examples include mRS,

NIHSS, etc., described in subsubsection 2.1.4.1). Furthermore, owing to the spatial continuity of

voxels in the brain, the LSM maps often indicate clusters of critical voxels, which in turn suggest

brain regions that, if injured by stroke, are likely to result in a poor outcome (see Figure 2.3 for an

illustration).

The voxels scores assigned are a result of independent statistical tests and the pseudo-code for

conducting this analysis is shown in algorithm 1. In this iterative process, at each voxel location,
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Figure 2.3: An depiction of voxel weights assigned by LSM.

the data sample is split into two groups: patients with a lesion (Glesion) in that location and those

unaffected by the stroke in that location (Gintact). Thus, all patient datasets need to be registered to

a common reference space to enable the analysis of corresponding voxel location across multiple

patients. Subsequently, the independent statistical test results in a high score when the group dif-

ferences with respect to clinical outcome at that voxel location are statistically signi�cant. Finally,

only those voxel locations that exceed the p-value threshold (after correction for multiple compar-

isons) are de�ned as ‘critical’ in the LSM output.
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Data: Lesion masks and clinical outcome scores

Result: Voxels critically associated with the clinical de�cit

initialization;

for each voxel location in a reference space do
Glesion outcome scores of patients in which voxel is lesioned;

Gintact  outcome scores of patients in which voxel is healthy;

voxel importance score statistical test comparing Glesion and Glesion;

end

correct for multiple comparisons;

return surviving voxels;

Algorithm 1: Pseudo-algorithm for conducting voxel-wise LSM analysis.

The voxel importance score can be assigned either by parametric tests, rank-order tests, or mod-

elled as a general linear model. The parametric tests typically compare for group differences

between Glesion and Gintact and the resulting t-score or z-score is stored for each voxel as an im-

portance score. Historically, binomial tests are best suited for binarized outcomes and t-tests for

continuous outcomes. While these methods help identify the brain regions that are critically as-

sociated with the de�cit [28] and utilize the continuous lesion information and the full range of

de�cit severity, they often violate some assumptions. Parametric tests assume that the outcome

scores of both groups are interval measures, distributed normally, and have comparable variances.

However, this assumption is not ful�lled at every voxel location of the brain [30]. First, clinical

outcome scores such as mRS or NIHSS are ordinal18 in nature (not interval or truly continuous).

Second, the variance in behaviour outcomes between the lesion group and the intact group, at each

voxel location, may not be comparable in certain regions of the brain with specialized function

or in regions that have multiple functions. Lastly, the assumption of normality is often violated.

This led to the rise of statistical tests for LSM that are not only rank-order based but are also
18Lower scores indicate less severity, but the difference between scores 2 and 3 (mild to moderate in mRS) may not

be the same magnitude of difference between scores 5 and 6 (alive to dead in mRS).
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assumption-free.

For LSM, the Brunner-Munzel test is the most widely accepted rank-order alternative for the

Wilcoxon Mann Whitney rank sum test (which itself is an alternative to the t-test) [31]. It measures

stochastic equality, which tests for the frequency of greater values in two populations of data. In

doing so the BM test adjusts for unequal variances and allows for ties (unlike the Wilcoxon’s)

and therefore does not need to assume equal variances. However, the BM test does require a

minimum of 10 samples per group to reliably apply the approximation from the t-distribution

[32]. For sample sizes smaller than 10, permutations are considered more reliable to arrive at the

approximate test statistic [32, 33]. The BM test is widely accepted for neuroimaging applications

[34], and toolboxes that provide LSM analysis also adapt and implement the BM test for lesion

data with the use of permutations for smaller samples [30].

The applications of these voxel-wise methods range from investigating the neural correlates of

spatial neglect [35, 36, 37] and aphasia [28, 38, 39, 40, 41, 42, 43] to motor recovery [44, 45].

Spatial neglect is a stroke-induced asymmetry in the spatial behaviour of patients. Patients with

hemispatial neglect are known to not respond to any visual or sensory stimuli on either their right

or left side. The �rst LSM study investigated both Broca’s and Wernicke’s aphasia [28]. Since

then, LSMs have been employed successfully to investigate neural correlates of language between

acute and chronic stroke patients [37]. They have also been used to identify brain regions critically

involved in inner speech19 [43], verbal �uency [39], and to study whether reasoning is language

dependent [40].

However, the mass application of these tests at a voxel level introduces family wise errors

(FWE) from independent statistical tests, which results in an increase in the probability of ob-

serving false positives. The purpose of correction methods is to control the overall probability

of false positives (not the false positive rate of independent tests). To this end, the popular FWE

control methods include the Bonferroni correction, voxel-wise permutation thresholding, cluster-

based permutation thresholding, and the false discovery rate. Recently, the limitations of these
19Talking silently in our head.
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correction methods have been described and discussed in detail [46, 47] and the reliability of these

corrective methods is summarized in subsection 2.2.2. Consequent to the multiple comparison

corrections, these mass voxel-wise statistical methods result in a very low statistical power [48],

which motivated the development of more advanced multi-voxel LSM methods.

2.2.1.2 Multi-voxel LSM

The support vector regression and the sparse canonical correlation analysis include all voxels si-

multaneously within one multi-voxel model (see Table 2.3). The result of these multi-voxel LSM

methods is also a map of voxel weights similar to the illustration in Figure 2.3. However, the fun-

damental difference is that the voxel weights are assigned after including individual voxels in one

single model rather than conduct one independent test per voxel.

Support vector regression (SVR) was one of the �rst multi-variate (here each voxel is consid-

ered a ‘variable’20) LSM solutions proposed. Support vector machines are a classical supervised

machine-learning technique that learn to either classify or regress data in high-dimensional feature

space. SVRs are formulated as an extension of the simple linear regression. Given that the simple

linear equation is given by:

y = mx + b

The regression, when expressed in linear algebraic notations is:

MSE = 1
N åN

i=1(yi�mxi + b)2

where N is the sample size, yi is the ground truth of the data sample i, mxi + b is the predicted

value, and MSE is the mean squared error of the regression model. Building on this, the objective

function of a general SVR is to minimize:

min1
2 jjwjj

2,

such that

jyi� (w;xi)�bj � e
20In the remainder of this thesis, ‘multi-variate LSM’ from the LSM literature is referred to as ‘multi-voxel LSM’

for the sake of correctness and consistency with subsequent machine learning descriptions.
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where j(w;xi)+bj is the prediction for the ith sample, which needs to lie within a tolerance thresh-

old of e . The main difference here is the set of weights w that determine the slope and intercepts

of a linear regression line in a high-dimensional input space. For non-linear regressions, SVR uses

a kernel that maps the inputs onto a high-dimensional space where the data is �t by a hyperplane21

[49]. This approach to simultaneously model all input features in the high-dimensional space us-

ing SVRs was adapted to lesion data to perform SVR-based lesion-symptom mapping (SVR-LSM)

[50]. Here, the input to the regression function is a lesion map and the output is the predicted clin-

ical outcome. The lesion map is projected to an even higher dimensional space using the kernel

trick mentioned above. In order to interpret the voxel-level importance scores22, it is necessary to

map the transformed lesion map back into the native space. While SVRs are robust to the sparse

lesion data, it is not trivial (or possible) to derive the true inverse of the kernel that maps the data

back to the image space. This might bias the LSM �ndings by misplacing the voxel importance

scores, particularly for brain regions that are smaller in volume but are involved in critical functions

[51].

On the other hand, the sparse canonical correlation analysis for neuroimaging (SCCAN) at-

tempts to identify a linear combination of voxels weighted such that their correlation with the

outcome score is maximized [52]. As the name suggests, SCCAN is the canonical correlation

analysis (CCA) adapted for lesion-symptom mapping. Formally, if V is a matrix of lesioned pixels

and S is a matrix of clinical outcomes, CCA attempts to �nd a linear combination of V (say V +)

and S (say S+) such that the correlation between V + and S+ is maximized [53]. To do so, CCA

relies on the cross-covariance matrix of two random vectors V and S. In this matrix, the element

in ith row and the jth column represents the covariance between the lesion location Vi and clinical

score S j. In theory, SCCAN can be operated on multiple outcome scores simultaneously. However,

21A line in a high-dimensional space.
22The weight of each voxel in the native space to the hyperplane that predicts the clinical outcome.
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in its simplest form it is represented as:

arg max
w

correlation
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where, wi; j is voxel weight assigned to lesion location v j, for the ith patient with p voxels and

clinical score si.

While these multi-voxel methods have been used to con�rm the �ndings across cohorts with

aphasia [54], spatial neglect [35], and motor / sensory de�cits [45], their scope has also broadened

to answer questions pertaining to brain cognition [55] and the whole brain connections in healthy

[56], pathological [57], and pediatric cohorts [58].

Even though the multi-voxel methods overcome the limitation of low statistical power (ob-

served in voxel-wise methods), there are several technical design decisions [34, 29] that in�uence

the reliability of LSM results. There are also limits to the formulation of LSM in general, which

must be considered prior to making clinical inferences based on the LSM result alone. These

technical and clinical considerations are discussed in the following sections.

2.2.2 Technical Considerations

To identify the brain regions critically associated with a particular functional de�cit in a reliable

manner, there are various technical design decisions to be made that can reduce the extent of

false positives [46, 29, 59]. This section describes each sub-problem, present the state-of-the-art

solutions, and identify relevant research gaps.

2.2.2.1 Spatial correspondence

In the context of LSM, spatial normalization is used to transform the individual binary lesion

masks to a common atlas space such that each voxel of the transformed lesion mask approximately
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Figure 2.4: A general registration framework

represents the same neuro-anatomical region of the brain. The iterative process of identifying a

spatial transformation that transforms a so-called ‘moving image’ to the co-ordinate space of a

target image, thus establishing correspondence between the two images, is called spatial normal-

ization (a.k.a., registration). Common applications of registrations include: measuring structural

differences across imaging time-points for a given patient, measuring inter-patient variability in a

given sample dataset, fusing the information from two or more different imaging modalities, and

transforming the brain sub-region parcellations from a standard space onto the native patient space

for downstream analysis.

As shown in Figure 2.4, a registration framework requires: (i) a target image; (ii) a moving

image; (iii) a transformation; (iv) an interpolation method; (v) an optimizer; and (vi) an image sim-

ilarity metric. The registration terminates when the image similarity metric comparing the �xed

and the moving image falls below a pre-de�ned threshold (suf�ciency determined by precision of

similarity measure), or when the maximum number of iterations is completed. Since the transfor-

mations usually do not result in grid co-ordinates, interpolations are required to map each voxel to

a physical 3D co-ordinate after being transformed. Generally, the optimizer ensures that the image

dissimilarity metric is minimized23.

There are three established stages of �nding image correspondence (in order):
23The strategies to move out of local minima differ
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1. Rigid transformation: global alignment, obtained by translation and rotation.

2. Af�ne transformation: global alignment, obtained by translation, rotation, scaling,

and shearing.

3. Non-linear transformation: accounting for non-linear deformations (example: local

alignment of image sub-regions).

Some LSM studies have previously used af�ne only registration to align all patient scans (scans

with lesion) to the atlas (average brain without lesion) [44, 60]. These linear transformations do

not attempt to optimize the localized correspondences between the atlas and the patient scan. In the

case of space occupying lesions, this results in larger non-linear differences, distorting the overall

shape of the brain. This in turn may lead to biased LSM results.

Having identi�ed these issues, recent research in LSM has employed non-linear registration

techniques with some compensation for the lesioned tissue. As described above, the registration

is an iterative optimization technique that maximizes an image similarity metric. This translates

to maximizing the similarity between an atlas generated using datasets from healthy subjects and

scans from patients with a brain lesion. Any attempt to maximize the similarity of the healthy

template and the lesioned brain scan around the region of the lesion are likely to result in erroneous

transformations. As a consequence, smaller lesions often result in distortions in brain sub-regions,

while the larger lesions result in gross distortions of the shape of the brain. Therefore, adequate

registration of regions of the brain with pathology to a healthy brain structure requires that the

lesion is accounted for when calculating the similarity metric used for registration.

To correct for the lesion, two major advancements in registration are enantiomorphic normal-

ization (EAN) and cost-function masking (CFM) [61, 62]. The EAN technique replaces the lesion

region with imaging information from the corresponding healthy tissue in the contra-lateral intact

hemisphere. However, this approach is prone to failure if patient scans contain large amounts of

white matter hyper-intensities and/or vasogenic edema. This is because severe edema can result in

a shift of the brain beyond its normal hemispheric �ssure, a phenomenon referred to as mid-line
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shift. Alternatively, in CFM, image dissimilarity is used as the cost-function to be optimized (i.e.

minimized)24. The mean squared difference is a simple example of such a metric. The values of

dissimilarity are the highest in the lesioned brain area. This region is ‘masked’ out from the cost-

function to ensure only healthy brain tissue participates in the registration process. In this masked

region, the computed deformation �eld is interpolated in the masked lesion area after registration.

This is the central idea of CFM, shown in Figure 2.5.

Figure 2.5: Left to right: reference atlas; patient scan; cost function or difference image; masked
cost function.

Much later, a non-linear registration method that does not require lesion labels apriori was

proposed. The solution was a generative, probabilistic model that simultaneously attempted reg-

istration and tissue classi�cation. This uni�ed lesion segmentation method is also implemented

in the popular statistical image processing tool SPM [63, 64]. Although this might seem as an

attractive solution to correct for lesions, Andersen et al., demonstrated that this approach results in

an underestimated lesion volume [65], thereby asserting the robustness of CFM.

2.2.2.2 Correction methods

As mentioned before, corrections for multiple comparisons in the standard voxel-wise methods

are absolutely necessary to mitigate the effects of false positives (FP). Based on the sample size,

the nature of the target clinical outcome, and the strength of the LSM signal obtained, one of the

following correction mechanisms can be employed:
24This is essentially similar to maximizing the image similarity

29



1. Bonferroni correction: The threshold of signi�cance is determined by dividing the

expected false positive rate by the number of independent tests, thus controlling

the FWE [66]. The assumption of this correction is that each statistical test is in-

dependent. However, voxels of the brain are not truly independent given the spa-

tial dependence and function. Besides, registration increases the spatial contiguity

among voxels owing to the smoothing and interpolation operations. Thus, penal-

izing each individual statistical test for its false positives is too conservative and

reduces statistical power.

2. Voxel-wise permutation thresholds: The voxel survives signi�cance test if and only

if the observed statistic is truly due to the correspondence between the differences

in voxel status and clinical outcome. This is tested by permuting the data and the

outcome, thereby removing any underlying association. The voxel status is con-

sidered a false positive, if it receives a signi�cant statistic despite the permutation

[47]. However, this measure is recommended to be used only when the sample size

is large [47].

3. Cluster-based permutation thresholds: As a modi�cation of the previous method,

here the permutations are done on clusters of voxels. While the cluster-based per-

mutations have proven to improve the statistical power, they are limited by their

initialization constraints. The optimal value of the number of clusters often de-

pends on the sample size and average lesion size among the population. Research

also indicates that the clusters of eloquent voxels that survive the threshold often

include voxels that are not relevant to the measured function [46].

4. False discovery rate: The threshold set de�nes what proportion of the overall ob-

served positives can be FPs. This correction controls for the proportion of FPs and

not the family wise error. If the observed FP rate increases, then the FDR thresh-

old decreases [67]. The primary assumption of FDR is that a larger lesion often
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results in poorer outcomes. However, there are smaller regions of the brain that co-

ordinate crucial functions. FDR has been reported to be too restrictive for smaller

brain regions, unless the effects of lesion size is regressed out of the LSM analysis.

2.2.2.3 Inter-patient variability

The next important consideration stems from the inter-patient variability. For example, insult to

the same brain region can result in different functional de�cits in two individuals [68]. Contrary to

this, two different brain regions when lesioned could also result in the same clinical outcome score

[69, 29]. The severity of the observed functional de�cit is also in�uenced by the size of the lesion.

Two obvious scenarios arise. Small lesions might partially insult a brain region causing no obvious

clinical de�cit. On the other hand, occlusions in the vascular territories that have to supply a larger

region in the brain might result in large lesions that in turn result in a myriad of functional de�cits.

The true relationship of structural integrity and functional de�cit is therefore unclear in the case

of large vessel occlusions. Other factors that account for inter-patient variability include patient

demographics, co-morbidities, and time to treatment [68]. For this reason, these factors are often

added as covariates to the LSM analysis. Doing so accounts for variability in the the behavioural

dimensionalities of the brain-behaviour relationship but does not allow for anatomical inference.

2.2.3 Research Gaps in LSM

Conceptual considerations aside, even though LSMs are popular to estimate the neural correlates

of stroke, the literature has gaps that limit their clinical utility. Some of the key gaps that persist

(and are addressed as part of this thesis) are as follows:

1. In�uence of age- and modality-mismatched registration:

As mentioned before, the accuracy of registering all individual patient scans to a

reference co-ordinate space in�uences any downstream LSM or any voxel-based

morphometric analyses. It is important that the brain atlas and the stroke datasets

are age-matched. For almost a decade since the �rst LSM paper was published
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by Bates et al. [28], the standard Montreal Neurologic Institute (MNI) atlas has

been used in LSM studies [70]. However, the MNI brain atlas was generated us-

ing T1-weighted datasets from healthy and young subjects resulting in sub-optimal

registration with datasets from elderly patients (due to increased atrophy). Since

the structure of the brain changes with age (example: enlargement of ventricles),

registering scans of elderly patients to a younger population template can introduce

spatial bias in LSM.

Furthermore, as mentioned in subsection 2.1.2, CT is also a predominant imaging

modality for acute ischemic stroke (due to the lack of MRI infrastructure across all

stroke clinics). This implies that in order to maximize the spatial correspondence,

the brain template must cater to both MRI and CT scans. The �rst (and only)

modality-speci�c MRI template for FLAIR images [71] and the age-speci�c CT

and MRI template [72] described in literature are blurry, of low-resolution, and do

not fully capture the age-related changes (such as large ventricles). Therefore, a

high-resolution combined NCCT and FLAIR atlas for the elderly patients is needed

for future stroke research.

2. Understanding the in�uence of covariates:

The common approach to account for inter-patient variability in stroke-induced

de�cits is to include the confounding variables25 as covariates in the LSM analysis.

Common covariates controlled for in the LSM size are lesion size, patient age, and

sex [29]. Previous LSM studies have shown that including these covariates results

in smaller LSM signal that is more likely to be of clinical relevance [73]. However,

apart from the reduction in the number of critical brain regions indicated by LSM,

the relative importance of the covariates with respect to the presence / absence of a

lesion at that location is not well understood.
25Variables that are related to both the clinical outcome and the extent of the lesion itself.
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3. Mitigating the bias induced by the clinical outcome scores:

As mentioned before, the clinical outcome scores have some intrinsic properties

such as reliability, variability, and responsiveness. A gross scale like the mRS often

suffers from both �oor and ceiling effects, i.e., minor improvements in the patient’s

clinical outcome may not be captured in the gross six-point scale. Furthermore,

the composite clinical assessments used in previous LSM studies evaluate multiple

functions. Using only the total score for LSM analysis might not reveal the full

extent of the underlying structure-function relationships. The sub-score information

that is available in some of these composite scores remains mostly unexplored in

previous LSM studies. Bridging this gap might reveal critical regions with respect

to the individual sub-categories evaluated by the outcome, thereby sidestepping the

ceiling or �oor effects of clinical scores.

2.3 Predictive Modelling of Stroke Outcomes

One way to develop decision support frameworks in computational medicine is to adopt statistical-

learning and machine-learning techniques to learn the underlying patterns of the data (a.k.a training

data), and use that knowledge to arrive at predictions on ‘unseen’ data (a.k.a. test data) [74].

However, for a clinician to rely on a data-driven algorithm that predicts patient recovery, the key

considerations include (but are not limited to): (i) clearly outlining the context and purpose of the

algorithm; (ii) ensuring that the outputs of the model are clinically relevant or intelligible; and most

importantly, (iii) ensuring that the nature of the data used to build the model is comprehensive [75].

Translating that to acute ischemic stroke would involve:

1. Developing an algorithm that can predict patient-speci�c stroke outcomes with high

accuracy.

2. Ensuring that the results of the model are clinically relevant.
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3. Including multi-modal information (as is the case in clinical practice) from the clin-

ical presentation to arrive at the prediction to provide diagnostic decision support.

The type of information used to build these prognostic models is a crucial design decision

and its clinical relevance is of utmost importance26. A direct comparison between the standard

protocol followed by doctors to make patient-speci�c treatment decision and the current literature

on predictive stroke outcome models27 reveal an interesting research gap that �ts the scope of this

thesis. Speci�cally, these studies mostly do not incorporate imaging-based descriptors of stroke in

the predictive modelling task.

2.3.1 Importance of Imaging

Understanding how clinicians select patients for a particular treatment provides insight into the

multitude of information clinicians use to arrive at treatment decision. Several factors play a critical

role in patient selection for thrombectomy during the pre-hospital and in-hospital assessment of the

patient [19]:

� Stroke severity and neurological de�cit: There are various clinical outcome mea-

sures that evaluate stroke-induced de�cits. As seen in Table 2.1, the commonly

used measures in clinical practice include, the National Institutes of Health Stroke

Scale (NIHSS) and the Montreal Cognitive Assessment (MoCA) for impairment;

the modi�ed Rankin Scale (mRS) and Barthel Index (BI) for disability; and Euro-

Qol (EQ-5D) for handicap [15]. Of these, the NIHSS is routinely used for patient

selection in clinical trials. Typically, patients with a NIHSS � 6 are enrolled for

EVT [19].

� Neuroimaging: Large vessel occlusions are con�rmed by using the standard imag-

ing protocol. To re-iterate, this includes:
26Garbage in garbage out: if the input features are redundant and non-informative then the predictive model will

have a low reliability.
27These include both diagnostic and prognostic models.
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� ruling out hemorrhages and quantifying the extent of dead tissue

(i.e., infarct) using NCCT (and CTP) or DWI (and PWI).

� assessing the location of the occlusion in the vascular territory, esti-

mating the burden of the clot, and the strength of collateral circula-

tion around the area of insult using CTA or MRA.

� quantifying the extent of penumbra (that might readily bene�t from

treatment) using CTP or PWI.

� Patient characteristics: these include the modi�able and non-modi�able risk factors

of stroke 28 such as:

� Demographics: patient age, sex, body mass index, hip-to-waist ratio,

and ethnicity.

� Medical history: occurrence of major surgeries, previous incidence

of cardiovascular diseases or atrial �brillation, presence of chronic

ailments including hyperglycemia, hypertension, and hyperlipidemia.

� Prescription medications: use of anti-coagulation drugs or any med-

ications that might contradict thrombolytic medication.

� Vitals: blood pressure, glucose level, cholesterol levels.

� Lifestyle: diet, smoking status, alcohol consumption.

In summary, the standard clinical protocol currently utilizes a wide variety of multi-modal descrip-

tors of a patient’s presentation to arrive at a treatment decision. However, it must be pointed out

that patient selection for a given treatment is largely guided by neuroimaging [19].

On the other hand, a recent review article on prognostic stroke outcome models states that data-

driven models are not meant to replace the stroke clinician’s assessment and acumen developed
28This is not an exhaustive list. It however includes the data commonly recorded in the trials under the Calgary and

European Stroke Program [76, 77, 2].
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through years of expertise, but can play an important role in bridging the knowledge-to-action

gaps in stroke treatment [78]. The prognostic models identi�ed in this review use the binarized

mRS as the outcome score and the input variables to the model are patient demographics, medical

history, vitals, stroke severity assessments (mostly NIHSS), and the baseline risk of poor outcome

29. Translating these data-driven models to the bedside is limited by the lack of very important neu-

roimaging related information such as the burden of the lesion (location and extent, for instance).

An example of a possible use-case can be: a patient with moderate outcome on clinical assess-

ment (say NIHSS), a very low suspicion for large vessel occlusion, and a small penumbra might

still be considered for EVT, if the penumbra (despite being small) includes a brain region responsi-

ble for a critical function (say, brainstem30). Although the prediction of tissue outcome for a given

treatment decision is beyond the scope of this thesis, understanding the relationship between the

structural integrity of the brain after an acute ischemic stroke and clinical outcome could already

inform clinical decision making. This hidden structure-function (a.k.a. lesion-de�cit) relationship

obtained from post-treatment imaging can also greatly in�uence the prediction of stroke outcomes.

This analysis could be readily adapted to comprehensive outcomes assessed during stroke rehabil-

itation and improve the patient-speci�c rehabilitative planning.

In the early 2000s, the Demchuk et al., reported that the predictability of clinical scores was not

accurate in either severe or mild strokes due to �oor or ceiling effects of the scores [79]. Supporting

this, the computational neuroscience community began to show that a precise prediction of stroke

severity requires determining the correlation of these scores with the location and extent of cerebral

injury [2, 28]. Thus, understanding the relationship between lesion volume and location with each

outcome measure could be used to develop comprehensive models of acute stroke outcomes that

can be generalized to even the mild and severe strokes. Since the clinical outcome depends on

a multi-modal description of the stroke severity including image-based descriptors and clinical
29These include the Pre-admission Comorbidities, Level of Consciousness, Age, and Neurological De�cit (PLAN);

Stroke Prognostication Using Age and National Institutes of Health Stroke Scale (SPAN); Totaled Health Risks in
Vascular Events (THRIVE), etc.

30Regulates breathing, heart rate, blood pressure and other vital functions.
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presentation of each patient, there are key design decisions to be made when building predictive

models of stroke outcomes. While they also lay the foundations of a data-driven machine learning

paradigm, these considerations include (but are not limited to):

1. Region of interest (ROI) selection: which regions of the brain should be included

in the modelling?

2. Feature engineering: how to quantify the extent of the stroke induced insult?

3. Feature selection: which set of features greatly in�uence the predictive model?

2.3.2 Need for Data Fusion

It is known from standard clinical practice that apart from lesion location and lesion volume, a

con�dent estimate of stroke severity and its effect on the clinical outcome in a patient is also

in�uenced by their demographics and medical history (as discussed earlier, [19, 76, 77, 2]).

Understanding the relative importance of these in�uencing factors forms the essential basis

of a treatment decision support framework that could assist in precision (patient-speci�c) stroke

management. The immediate need, therefore, is the integration of multi-modal information such

as neuroimaging, clinical, and laboratory �ndings within one comprehensive predictive model of

the clinical stroke outcome. Such an objective, data-driven estimate of stroke severity for a given

patient might assist clinicians in arriving at an effective patient-speci�c treatment and rehabilita-

tion plan. The proposed research framework not only allows for predictive modelling of stroke

outcomes but also lays the general foundation for integrating image-based features from acute

imaging (for treatment decision support)31 and/or from post-discharge follow up imaging (for re-

habilitation decision support).

Current medical image analysis, statistical-learning, and machine-learning methods have the

potential to identify image-based biomarkers of lesion load and the relationship between lesion

location / volume and clinical outcome in a data-driven manner. By employing these methods,
31One way to achieve this is to integrate the proposed framework with a predictive model of stroke tissue outcomes.
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models of stroke outcome can be developed, which have the potential to work as decision support

systems for stroke clinicians.

2.3.3 Existing Models of Stroke Outcomes

Over the years many methods were developed that aim at predicting clinical outcome in acute

ischemic stroke patients based on clinical data, imaging data, or a combination thereof. These

methods differ with respect to the features used, machine learning models employed etc. The

following section gives a short overview of previously described techniques.

2.3.3.1 Feature engineering: image-based biomarkers

The percentage of volume overlap of each brain region with the lesion, the so-called lesion burden,

has been used as a marker for structural integrity [80, 81]. It is typically quanti�ed by using a stan-

dard atlas of brain sub-regions (either grey matter, white matter, or both). Particularly, it has been

shown that these region-wise lesion overlaps correlate signi�cantly with 90 day mRS and NIHSS,

in patients with successful recanalization [80]. Lesion overlap of the corticospinal tract (CST), as

a means to estimate lesion load, has also been used in regression models of motor outcomes [81].

While this lesion load is concise for quantifying the involvement of grey matter, these overlap met-

rics under-specify the injury in white matter tracts since they ignore the morphology and function

of the tract itself. Speci�cally, when injured the white matter tracts lose their ability to conduct

neurological signals that functionally connect processing grey matter regions. As a workaround to

improve the speci�city of the lesion load metric, white matter tracts have been divided (longitu-

dinally) into sub-sections based on their axonal groupings. Subsequently, only those sub-sections

with at least a 5% lesion overlap (injury threshold) contribute to the total lesion burden. In com-

parison with the gross lesion load, this has been reported to improve correlations with behavioural

outcome [82]. However, these overlap methods still do not account for the function of each white

matter tract.

To factor in the natural tapering of the white matter tracts, it has been suggested to weight the
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lesion load metric by the ratio of the width of the tract at a given 2D slice to the maximum cross-

sectional width of the entire tract [83]. Another approach to weight the lesion load metric has been

to use the voxel values of the fractional anisotropy32 of the white matter tract [84, 85]. These meth-

ods largely operate in a slice-by-slice fashion and are therefore 2D metrics of a 3D tract. However,

this approach does not quantify the extent of tract that has been spared for signal conduction by

the lesion - an extremely clinically relevant metric in the study of conduction pathways in the brain

(i.e., connectionist view) [86]. Therefore, a 3D metric that quanti�es the cross-sectional width of

the tract spared at every voxel along the tract’s centerline might result in a comprehensive metric

of the structural tract integrity.

2.3.3.2 Feature selection: region of interest

As a �rst step towards integrating imaging information into a predictive model of stroke outcomes,

it is necessary to de�ne which regions of the brain to include in the analysis. Including all the

regions of the brain that are not critically associated with the clinical outcome of interest might

reduce the accuracy of the predictive model and worse, might force the model to learn irrelevant

patterns present in the data. Therefore, selection of relevant brain regions (a.k.a., features) is an

important design decision.

A pure statistical learning approach of ROI selection could entail utilizing the results from

the LSM analyses to inform ROI selection and subsequently augment the input feature vectors

with clinical variables into a regression model (see Figure 1.1). Previous research has successfully

demonstrated this possibility in a classi�cation setup using a small dataset of 68 patients [87]. The

datasets used in this work were registered af�nely to the standard MNI brain atlas. At each voxel

location in the LSM map, the median mRS outcome score for each group (lesion and non-lesioned)

was calculated. The difference between the median mRS score of the lesioned group and that of

the non-lesioned group is termed as Di at the ith voxel. Therefore, for each voxel, Di denotes the

change in the clinical outcomes in lesioned and intact voxel-groups. This implies that the greater
32A value ranging between 0-1, indicating the extent of anisotropy in the diffusion within the tract.
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the Di value, the more important the voxel is to the functional outcome. The suggested ROIs are:

1. ROI 1: includes all the voxels with p� value < 0:05 and Di > 2.

2. ROI 2: includes all the voxels with p� value < 0:05 and 1 < Di � 2.

3. ROI 3: includes all the voxels with p� value < 0:05 and 0 < Di � 1.

4. ROI 4: include all other brain voxels with p� value� 0:05.

This categorization attempts to include the importance of brain regions to the outcome pre-

diction model. Therefore, in a subject, even if a few voxels were to overlap with the ROI 1, the

outcome is more likely to be severe, as the difference in the median mRS is relatively drastic

(Di > 2). However, to arrive at an outcome just as severe, it is expected that there must be a much

larger overlap of the subject’s lesioned voxels with the other ROIs.

The feature vector is engineered for each subject in the dataset and contains the percentage

overlap for all four ROIs from the LSM map and the clinical parameters such as age, lesion volume,

affected hemisphere, and baseline NIHSS (assessed at admission). The machine learning algorithm

suggested in [87] is the supervised support vector machine (SVM). The authors showed that the

classi�cation accuracy can be improved by a minimum of 7.35% using problem-speci�c ROIs from

LSM in comparison to the model trained on lesion overlap data (without LSM). Furthermore, three

design choices in [87] can be improved that may positively in�uence the clinical outcome model:

1. Choice of the atlas: registering scans of elderly patients to a younger population

template (the standard MNI atlas) introduces spatial bias (see subsection 2.2.3).

2. Choice of transforms: af�ne transformations do not ensure local alignment of brain

structures. The spatial normalization could be improved by using non-linear trans-

formations with cost function masking.

3. Choice of statistical test: parametric two sided t-tests assume that the data is in-

dependent and normally distributed. Brain voxels are not truly independent of one
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another and checking for normality at a voxel-level and/or de-skewing the distribu-

tion at each independent t-test has not been implemented. Non-parametric tests or

multi-voxel methods might reduce the voxel-wise false positives.

Instead of using LSM for this purpose, ROI selection can also be done implicitly using ma-

chine learning based feature selection algorithms that rank all the input features (image-based and

clinical) in the order of their in�uence in predicting the outcome score [74]. The simplest feature

selection is obtained by employing �lters that either check for a minimum variance, strength of

correlation with outcome variable, or information gain33 with respect to the target outcome. In

these �lter-based ROI selection methods, the brain regions that fall below a speci�c threshold are

excluded from downstream classi�cation or regression tasks. These methods, however, do not ac-

count for feature interactions. In other words, a variable might not be informative for the predictive

model on its own accord, but when combined with another variable might reveal a strong in�uence

on the outcome [74]. Sequential feature selection methods and the RelieF feature selection algo-

rithm [88] are classic examples of selecting informative features for predictive modelling. Finally,

when multiple prediction models are interleaved, the output of one optimized machine learning

model can also be used to inform the important variables to another model in sequence [89].

For the prediction of stroke outcomes in particular, the Gini index, a speci�c case of information

gain has been used to rank features in a hierarchical manner [90]. Other methods include the

sequential feature elimination, use of regression coef�cients, and correlation-based �lters [90].

While feature selection ensures that the most informative subset of non-redundant features are

retained, there is no guarantee that these brain regions are clinically relevant with respect to the

functional de�cit, warranting con�rmatory research.

2.3.3.3 Model selection: machine learning methods

The choice of which machine learning algorithm is best suited for a particular task can in�uence

the accuracy and generalizability of the predictive model. A recent study investigated the utility
33Intuitively, this is a measure of how much information is shared by two variables.
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of machine learning methods while using only the clinical variables to predict functional outcome

(using binarized 90 day mRS) in a classi�cation scheme [91]. Here, data from the HERMES trial34

[92] (N=932) was used to train eight different machine learning models ranging from the simple

k-nearest neighbours, logistic regression, to the more complex support vector machines, xgBoost,

random forests, multi-layer percepteron, and neural networks35. The clinical variables used are

age, sex, pre-stroke independence, site of vessel occlusion, baseline NIHSS, and glucose level

at admission; presence of diabetes, hypertension, dyslipidemia, smoking, previous stroke; usage

of prescription medications like statin, anti-platelet, and anti-coagulation; timing intervals from

symptom to imaging, admission, and treatment. The authors report that the machine learning mod-

els do not outperform conventional statistics and means of prognostication employed by clinicians

(discussed in subsection 2.1.6) unless the input features are augmented with lesion burden from

imaging data [91] and their �ndings have been con�rmed by other studies that rely on clinical data

alone [93].

Following this, another study aggregating clinical and image-derived information to predict

the 90 day mRS in a binary classi�cation setup successfully used the xgBoost algorithm [94].

The xgBoost algorithm is a decision tree-based technique to ensemble multiple classi�ers to result

in one robust classi�er. Brugnara et al. compared the role of various image-derived features for

improvement in the predictive accuracy of the model at baseline, pre-treatment, at treatment, and

post-treatment time-points [94]. The set of clinical features included here are: age, sex, baseline

mRS and NIHSS, symptom onset to imaging time, symptom onset to treatment time, glucose

level, and the presence of comorbidities such as - hypertension, hyperlipidemia36, coronary artery

disease37, and diabetes. The four models differed in their inclusion of image-speci�c features as

follows:
34A collaboration to conduct meta-analysis on patient data pooled from �ve trials that showed the ef�cacy of EVT:

MR CLEAN, ESCAPE, EXTEND IA, SWIFT PRIME, and REVASCAT.
35The reader is directed to [74] for detailed explanation of each algorithm.
36High cholesterol.
37Cardiovascular condition.
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1. Baseline model: clinical + lesion volume, site of vessel occlusion, and collateral

score (from baseline CT).

2. Pre-treatment model: baseline model + volume of ischemic core, volume of is-

chemic penumbra, and the ratio of penumbra to core.

3. Treatment model: pre-treatment model + time to recanalization and status of re-

canalization.

4. Post-treatment model: treatment model + 24 hour NIHSS, infarct volume and col-

lateral score (from follow-up CT38).

The authors show that the treatment and post-treatment models (76% and 80% accuracy respec-

tively) outperform the pre-treatment and baseline model (71% and 72% accuracy respectively) in

predicting the 90 day mRS [94].

Current literature on predictive modelling mostly focus on a single time point of assessment

(either pre-treatment, post-treatment, or long-term follow-up in chronic stage) or a single modality

of imaging (MRI or CT) [94, 90]. While these models comprehensively include multi-modal

information, their clinical utility remains limited in diagnostic support.

An end-to-end decision support system for precision stroke care comprises of several compo-

nents: (i) tissue outcome prediction using image and clinical data acquired prior to treatment, (ii)

clinical outcome prediction using the predicted tissue outcome, and (iii) functional outcome predic-

tion at chronic stage of recovery. As discussed before, predicting tissue outcome for a given treat-

ment decision is an independent research endeavour and beyond the scope of this thesis. Therefore,

true lesion outcomes are used in this work as an alternative, which allows to combine the meth-

ods developed in this work with tissue outcome prediction methods in future. However, predictive

models of long-term clinical outcome that are developed using post-treatment data can not only
3818-36 hours from symptom onset.
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contribute to diagnostic decision support but can also be readily adapted to predict functional out-

comes, which in turn have the potential to support rehabilitation planning.

2.3.4 Research Gaps in Predictive Modelling

The following gaps remain in the current literature on stroke outcome predictive modelling:

1. A majority of the studies propose classi�cation models of binarized stroke outcome

(favourable vs. unfavourable). Regression models might help capture the ordinal

properties of the outcome scores - a detail lost in the classi�cation setup.

2. The advantage of LSM methods in guiding predictive models of long-term stroke

outcome has not been investigated - it is also unclear if standard machine learning

methods are capable of identifying brain regions critical to a de�cit of interest.

3. The relative importance of clinical data and the structural integrity of the brain has

not been quanti�ed. Nested models of stroke outcome might allow for such an

analysis while including clinical assessments at various time points to model long-

term stroke outcomes.

4. The joint analysis of MRI/CT images to derive image-based biomarkers has not

been conducted. Bridging this gap would allow for a larger sample size and there-

fore reliable predictive models.

In the remainder of this thesis, Chapters 3 to 5 present papers that attempt to resolve research

gaps identi�ed in the LSM literature (see subsection 2.2.3). Then, Chapters 6 and 7 address the

gaps presented in subsection 2.3.4. Finally, Chapter 8 concludes with the thesis discussion.
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Chapter 3

High-resolution T2-FLAIR and Non-contrast CT Brain Atlas of

the Elderly

Rajashekar D, Wilms M, MacDonald ME, Ehrhardt J, Mouches P, Frayne R, et al. High-resolution

T2-FLAIR and non-contrast CT brain atlas of the elderly. Sci Data. 2020 Feb 17;7(1):56.

3.1 Abstract

Normative brain atlases are a standard tool for neuroscience research and are, for example, used

for spatial normalization of image datasets prior to voxel-based analyses of brain morphology and

function. Although many different atlases are publicly available, they are usually biased with

respect to an imaging modality and the age distribution. Both effects are well known to negatively

impact the accuracy and reliability of the spatial normalization process using non-linear image

registration methods. An important and very active neuroscience area that lacks appropriate atlases

is lesion related research in elderly populations (e.g. stroke, multiple sclerosis) for which FLAIR

MRI and non-contrast CT are often the clinical imaging modalities of choice. To overcome the lack

of atlases for these tasks and modalities, this paper presents high-resolution, age-speci�c FLAIR

and non-contrast CT atlases of the elderly generated using clinical images.
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3.2 Background and Summary

Brain atlases are an indispensable tool for neuroscience research and clinical purposes. Brain

atlases are commonly used for spatial normalization of image datasets acquired from different

patients to remove individual shape variations prior to voxel-based analyses. They are also used

for atlas-based analysis of brain morphology and function in patients using pre-de�ned regions of

interest in the atlases.

Many atlases are biased with respect to the imaging modality used for atlas generation [95, 96].

They are also limited regarding the age distribution and health status of the subjects used for atlas

generation. Both, the modality and age distribution, can pose considerable problems for neu-

roimaging studies and clinical applications that require accurate spatial correspondences between

the patient scans and the atlas (typically determined using non-linear image registration methods).

Previous studies have shown that the registration accuracy has a signi�cant effect on the results

of neuroimaging studies using traditional image analysis methods as well as state-of-the-art deep

learning approaches [97, 98, 63, 99]. Within this context, substantial shape differences between the

images (e.g., atrophy caused by brain age or neurological diseases [100]) and image appearance

differences (i.e., contrast differences across imaging modalities) are known to have a considerable

impact on the accuracy of brain image registration. Determining the large deformations required

in case of considerable atrophy differences between the atlas subjects and patient scans is not

trivial. The registration of images obtained using different modalities can be sub-optimal due to

appearance differences of corresponding brain structures that are not appropriately captured by the

similarity metric.

For neurological studies, the Montreal Neurologic Institute (MNI) reference atlas is the most

common reference space de�nition used. In this space, datasets from a healthy young adult cohort

with an average age of 23 years were iteratively and non-linearly transformed to a common space.

These atlases are available for T1-, T2-, and proton density (PD) weighted magnetic resonance

imaging (MRI [101, 70]. While very useful, these atlases are not ideal when analyzing datasets

46



acquired from elderly cohorts, which is often the case when investigating neurological diseases.

To overcome this limitation, various atlases using datasets of elderly subjects have been generated

and made available. A popular example is the groupe d’imagerie neurofonctionnelle (GIN) atlas

[102], a probabilistic T1-weighted MRI template of subjects between 63 and 75 years, displaying

gray matter and white matter atrophy, and increased cerebrospinal �uid (CSF) volume.

Atlases derived from standard T1-, T2-, or PD-weighted MRI datasets are usually subopti-

mal for atlas-based analysis or registration of other image modalities. Within this context, �uid-

attenuated inversion recovery (FLAIR) MR and non-contrast computed tomography (NCCT) datasets

are two common clinically used image modalities and, therefore, especially important for neuro-

science research and development of computer-aided diagnosis tools. Common applications of

FLAIR and NCCT datasets include lesion segmentation (e.g. stroke, multiple sclerosis) that can

be used for lesion-symptom mapping [29], while non-contrast CT datasets are also typically used

for determining the Alberta stroke programme early CT (ASPECT) [103], for surgical planning of

image-guided deep brain stimulation of various neurological diseases, as well as lesion-symptom

mapping [29]. Corresponding T1- or T2-weighted MRI datasets that could be used for interme-

diate image processing steps are often not acquired in these patients. Furthermore, registration of

the low-resolution pathology-speci�c image modalities to the T1-weighted MR scan, which is then

registered to the age-biased atlases, often leads to poor results using the standard brain atlases.

The number of available elderly FLAIR and NCCT brain atlases is limited. As the only promi-

nent example, the widely used Statistical Parametric Mapping (SPM) clinical toolbox1 includes

a T1-weighted MRI and contrast-enhanced CT (CECT) atlas, constructed using datasets of sub-

jects with average ages of 72.9 years and 61.3 years, respectively. The SPM clinical toolbox also

contains a low-resolution FLAIR and CECT atlas in the same image coordinate space. The high-

resolution version of this FLAIR atlas was generated using datasets of a much larger cohort with

ages ranging from 18�85 years, originally employed for generation of the Brainder atlas [71]. The

CECT atlas contains high-intensity vessel information that is likely to impact registration accuracy
1https://www.nitrc.org/projects/clinicaltbx/
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Figure 3.1: Processing pipeline for generating high-resolution FLAIR and NCCT atlases.

of structural quantitative NCCT scans. Despite the advances in non-linear symmetric registra-

tion techniques used for atlas generation, both atlases (FLAIR and CECT) are comparably blurry.

The lack of high-frequency edge information across brain tissues and brain regions represents a

considerable problem for accurate spatial normalization of individual patient datasets.

Therefore, the main objective of this work was to generate high-resolution brain atlases using

standard low-resolution, clinical image datasets of elderly subjects acquired with clinically rele-

vant image modalities. The proposed atlases are referred to in the following as the Medical Image

Analysis and Machine Learning Laboratory (MIPLAB) FLAIR and non-contrast computed tomog-

raphy (NCCT) brain atlases. The pipeline for creating these age-speci�c FLAIR and NCCT atlases

for the elderly is shown in Figure 3.1. Furthermore, the secondary objective of this work was to

provide symmetric versions of the atlases (following the standard set by ICBM 152 nonlinear at-

lases [104]), which are devoid of any inherent asymmetry of the brain resulting from hemispheric

differences due to tissue and the scanner biases.

48



3.3 Methods

3.3.1 Datasets

Two databases were used to generate the atlases in this work. The FLAIR MRI scans were obtained

from the Calgary Normative Study [105]. A total of 136 healthy elderly subjects (no neurological

disease) with an average age of 66 – 13 years (mean � standard deviation) were used for FLAIR

atlas generation. All FLAIR MRI scans were acquired using a clinical 3T scanner (Discovery

750w, GE Healthcare) employing an inversion recovery T2-weighted sequence with TI/TR/TE/�ip

angle of 2250 ms/9000 ms/145 ms/90°, a 256 × 256 matrix size, in-plane resolution of 0.94 mm,

and 3.0 mm slice thickness.

For NCCT atlas generation, 47 admission NCCT scans of patients with average age of 72

– 14 years with acute ischemic stroke but without any visible lesions or early ischemic change

corresponding to an ASPECT score of 10 were obtained from the ESCAPE trial [76]. The CT

scans used for NCCT atlas generation were obtained from multiple scanners at various sites with

slice thickness varying between 3 � 5 mm and the in-plane resolution varying between 0.38 mm

� 0.5 mm acquired using 120 kEV tube potential. None of the patients included received contrast

administration prior to CT image acquisition.

Acquisition of the datasets for the two trials was approved by the respective local ethics board

at each site contributing to the two trials. All datasets used in this retrospective and secondary

study were made available after complete anonymization so that additional ethics approval and/or

informed consent was not required.

3.3.2 Pre-processing

The main objective of the pre-processing of the datasets was to generate isotropic 1mm3 high-

resolution datasets of the individual low-resolution images. Since standard (linear) interpolation

would introduce severe topological artifacts (e.g. holes, new structures, etc.) due to the large
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inter-slice distances in superior-inferior direction of the clinical NCCT and FLAIR datasets, a spe-

cialized registration-based interpolation method was used [106]. The main idea of this approach

is to �rst compute spatial correspondences between adjacent axial slices via diffeomorphic image

registration [107] and then to perform (linear) interpolation along the estimated displacement vec-

tors. By doing so, the risk of mixing intensity values from different tissue classes is reduced. Thus,

the topology of the structures is preserved and much sharper images can be obtained in comparison

to the standard interpolation techniques.

To avoid averaging the partial volume effects resulting from bone structures with high Houns�eld

unit (HU) values, skull stripping (brain extraction) was performed on each NCCT dataset prior to

structure-preserving interpolation. The brain extraction is a six-step process, which was imple-

mented using the Insight Segmentation and Registration Toolkit (ITK, https://itk.org/). The frame-

work used for this follows the approach described by Muschelli et al. [108], but was implemented

in a slice-by-slice fashion. Therefore, each slice of the scan is �rst smoothed using a Gaussian

�lter (variance=4 pixels), intensity thresholded between 0 and 100 HU, and then eroded using a

circular structuring element (radius=1 pixel). Subsequently, the largest connected component of

the current slice is extracted and dilated with a circular structuring element (radius= 1 pixel). Once

all slices of the scan are processed, any holes in the �nal mask are �lled using ITK’s VotingBinary-

HoleFillingImageFilter. The resulting brain masks were visually inspected for segmentation errors

and manually modi�ed as necessary.

3.3.3 Atlas generation

The Advanced Normalization Tools (ANTs, http://stnava.github.io/ANTs/) [109] were used for

atlas generation. The ANTs package has tools for generating atlases for the same patient cohort

with different imaging modalities (the antsMultivariateTemplateConstruction.sh script). This script

was used for each modality independently to make use of the added control in warping the images.

In this script, a random image is chosen to serve as the initial template to create a rigid-only

atlas that is subsequently used to initialize the actual non-linear atlas formation. As a (default)
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pre-processing step, the script also performs a N4 bias correction [110] prior to the actual atlas

generation routine.

3.3.4 Asymmetric atlas: parameter settings

Except the intensity normalization, all other parameters required by the atlas generation script

were identical for the FLAIR and NCCT atlas generation. Only for the NCCT atlases, the default

template normalization routine was turned off across all iterations to retain the true average HU

values for each voxel.

To avoid translations of the atlas through the iterations, the atlas updates were performed using

the af�ne deformation without the rigid component, followed by, the non-linear deformations for

each iteration of the atlas generation process. The non-linear atlas formation was conducted using

four iterations of the symmetric diffeomorphic registration with probability mapping as the simi-

larity metric. In each registration iteration, 30×50×20 maximum cycles of deformations (coarse to

�ne) were applied.

Although these options are the default parameters, the other similarity metrics for intramodal

registrations (such as cross-correlation, mean squared difference, and sum of squared differences)

and other non-linear registration schemes were tested for improvement in atlas quality. By visual

inspection, it was found that the default options of the ANTs script yielded the best results.

3.3.5 Symmetric atlas: processing steps

Although the brain is inherently asymmetric, the scanning-induced distortion in the atlas may bias

the �ndings of applied scanner-independent research, posing the need for symmetric atlases. This

is accomplished by obtaining the average of the transformed �ipped (x-axis) asymmetric atlas

version and the asymmetric atlas in its native orientation. The symmetric atlas is devoid of tissue

asymmetry across hemispheres and imaging-related asymmetry in the dataset.
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3.3.6 Post-processing

Different approaches for post-processing of the FLAIR and NCCT atlas were used. The FLAIR

atlas was created using the individual FLAIR datasets without skull stripping because obtaining

accurate and consistent brain extractions across all datasets was not possible. Instead, the Brain

Extraction Toolkit (BET, FSL) [111] was used for initial skull stripping of the generated FLAIR

atlas by manually tuning the skull stripping parameters. The segmentation errors, mostly located

in the posterior brain lobes, were corrected by converting the surface of the brain (including pos-

terior patches of skull) into a surface mesh and manually smoothing the surface mesh in MeshLab

(http://www.meshlab.net/) [112]. The manually corrected brain surface mask was converted back

into a binary volumetric mask using ITK. The NCCT atlas was sharpened using the Laplacian �lter

to overcome the compounded averaging effect while retaining the HU values. Lastly, in addition

to the pre-processing routine, one �nal bias �eld correction was applied to both the FLAIR and

NCCT atlases using the default parameters provided in the ANTs toolkit [110]. Subsequently,

the FLAIR and NCCT templates were registered using the symmetric diffeomorphic method with

mutual information as the similarity metric and Lanczos windowed sinc interpolator in the ANTs

package.

3.4 Data Records

The age-speci�c FLAIR and NCCT atlases are provided in niftii format at 1mm3 isotropic resolu-

tion. These image �les include the FLAIR MRI atlases, brain volumes, and respective brain masks

(miplab-�air asym with-skull. nii.gz, miplab-�air sym with-skull.nii.gz; miplab-�air asym brain.nii.gz;

miplab-�air sym brain.nii.gz; miplab-�air asym mask.nii.gz, miplab-�air sym mask.nii.gz respec-

tively), the NCCT atlas (miplab-ncct asym brain.nii.gz, miplab-ncct sym brain.nii.gz), the MNI

deformations (miplab to mni asym warp.nii.gz, miplab to mni sym warp.nii.gz,

mni to miplab asym warp.nii.gz, mni to miplab sym warp.nii.gz). The MNI deformations are

composite transformations that include linear and non-linear deformations computed using the
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ANTs registration framework with the default parameters of the three stage (rigid-af�ne-deformable

syn) registration. The FLAIR atlas is saved as �oat values, NCCT as integers, and masks as binary.

3.5 Technical Validation

Figure 3.2 shows the impact of the applied registration-based interpolation method on the atlas

generation process (keeping all other parameters constant). The reduction in the serration of hemi-

spheric borders is evident in the registration-based sample dataset. The atlases created subse-

quently show a two-fold bene�t. First, the boundaries of the brain at the apex are smooth, while

the gyri and sulci edges are sharp and clearly visible. Second, and more importantly, the sulci

around the insular lobe are more pronounced due to gray matter atrophy.

Figure 3.2: Effect of registration-based interpolation: (a) a sample dataset; (b) corresponding
dataset after registration-based interpolation.

3.5.1 Atlas evolution

The FLAIR and NCCT templates were created in a two-step process: initial atlas generation using

rigid registrations followed by iterative non-linear shape updates. The initial atlas is a crude esti-

mate of the (global) sample shape obtained by linearly aligning all scans in the dataset to the scan

of a randomly selected subject. The resulting rigid group average serves as the initial template.

Subsequently, in each iteration, all individual scans are diffeomorphically registered to this initial
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template. The average of the inverse of all these transforms is then applied to the initial atlas as a

shape update for that iteration. The �ner details of the sample shape and intensity of the template

evolve over the four iterations. All intermediate deformations of each subject and the evolving

group template were visually inspected after each iteration. The quality of the registration-based

interpolation was ensured to be similar across all subjects prior to atlas generation.

Figure 3.3 shows this evolution of FLAIR and NCCT datasets for two subjects, one with large

ventricles and extensive gray matter atrophy and a second with relatively small ventricles. The two

datasets with large ventricles (Figure 3.3a,d) are gradually transformed to the average ventricle

size. Similarly, the datasets with small ventricles (Figure 3.3b,e) are gradually transformed to the

larger average ventricle size. The evolution of the non-linear shape updates for the FLAIR and

NCCT templates are shown (Figure 3.3c,f), respectively.

3.5.2 Entropy

Image entropy is a quantitative metric to assess the sharpness of an image with visual assessment

being its qualitative counterpart [113]. Brie�y described, entropy provides a measure of random-

ness in the image. Thus, the images that lack sharp distinctions between brain regions would have

high entropy values. Within the context of comparing representative group averages, the lower the

entropy of an atlas, the more de�ned the sub-regions of the atlas are likely to be displayed and,

therefore, should enable improved image correspondences after registration.

Table 3.1: Summary of the characteristics of the MIPLAB atlases in comparison with atlases
previously published.

Atlas Age (mean – std) Sample Size Entropy
Brainder-FLAIR 48.4 – 14.81 853 2.29
MIPLAB-FLAIR 65.9 – 13.05 136 1.45
MIPLAB-NCCT 71.9 – 14.04 47 1.55

To calculate the image entropy, each atlas was converted into a histogram of 256 bins. The

histogram was subsequently normalized such that each bin represents the ratio of frequency of

an intensity value to the sum of all frequencies of all 256 grayscale intensities. Entropy is the
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negative sum of the probabilities in each bin scaled by the natural log of each probability measure.

Table 3.1 summarizes the entropies of the proposed atlas in comparison to another available atlas

often used in neuroimaging studies. The proposed MIPLAB-FLAIR atlas has a 60% reduction

in entropy (i.e. better detail and sharpness of the image) in comparison to the Brainder FLAIR

atlas. The proposed MIPLAB-NCCT atlas also has a low entropy value indicating that cerebral

regions are sharp. Figure 3.4 shows slices displaying the basal ganglia structures from the atlases

for visual inspection. In the MIPLAB-FLAIR atlas, the contrast distinction between the deep gray

matter structures depicting the variation in iron content is evident. In the MIPLAB-NCCT atlas,

the widening of the sulci around the insula as a result of cerebral atrophy is evident. Generally,

both atlases show increased CSF attributed to healthy aging.

3.6 Usage Notes

The atlases provided are in slice correspondence with the standard MNI 152 nonlinear 2009c at-

lases. For each modality, the asymmetric and symmetric versions of the atlases are provided.

Furthermore, the composite deformation �elds that map the MNI atlases to the proposed MIPLAB

atlases are also provided. The deformation �elds can be applied to any atlas (or other information)

that is de�ned in the MNI co-ordinate space to generate a corresponding age-matched version or

to transfer segmentation data. All �les are available in the Niftii data format and named as per the

standard BIDS convention.

The Niftii data format allows using the atlas data in various tools used for neuroimage analysis

such as Slicer, Free Surfer, or FSL. Multiple freely available tools can be used for registration

such as ANTs and NiftyReg. These atlases can also be used in brain-mapping toolkits such as

LESYMAP and MRICRON.
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3.7 Code availability

The main template creation script used in this work is the antsMultivariateTemplateConstruc-

tion.sh script from ANTs. The auxiliary scripts for preprocessing and post processing are mostly

implemented in ITK. The entire code-base used to build the FLAIR and NCCT atlases are pro-

vided in the GitHub repository (https:// github.com/deepthirajashekar/FLAIR-and-NCCT-atlas-

for-elderly). The pre-processing module contains the C++ code to perform the CT brain extraction

and the registration-based interpolation. The atlas generation module is a bash script with the

calls to the ANTs package and the speci�c parameters for FLAIR and NCCT. The post-processing

module is a bash script that invokes various ANTs and FSL packages to generate the symmetric

counterparts of the atlases and to obtain the deformation �elds for the MNI atlases. The repository

also includes the �nal templates (asymmetric FLAIR, symmetric FLAIR, asymmetric CT, sym-

metric CT), masks, and deformation �elds to the MNI space. Additionally, the same information

is made available on the of�cial MIPLAB website (https://www.ucalgary.ca/miplab/downloads).
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Figure 3.3: Atlas generation: (a) sample NCCT with large ventricles; (b) sample NCCT with small
ventricles; (c) MIPLAB-NCCT atlas; (d) sample FLAIR with large ventricles; (e) sample FLAIR
with small ventricles; (f) MIPLAB-FLAIR atlas.
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Figure 3.4: The MIPLAB atlases revealing relatively more detail in boundary regions. (a)
Brainder-FLAIR atlas; (b) MIPLAB-FLAIR atlas; (c) MIPLAB-NCCT atlas.
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Chapter 4

The Impact of Covariates in Voxel-Wise Lesion-Symptom

Mapping

Rajashekar, D., Wilms, M., Hecker, K. G., Hill, M. D., Dukelow, S., Fiehler, J., & Forkert, N. D.

(2020). The impact of covariates in voxel-wise lesion-symptom mapping. Front Neurol. 2020 Aug

14;11:854.

4.1 Abstract

Background: Voxel-wise lesion-symptom mapping (VLSM) is a statistical technique to infer the

structure-function relationship in patients with cerebral strokes. Previous VLSM research suggests

that it is important to adjust for various confounders such as lesion size to minimize the in�ation of

true effects. The aim of this work is to investigate the regional impact of covariates on true effects

in VLSM.

Methods: A total of 222 follow-up datasets of acute ischemic stroke patients with known NIH

Stroke Scale (NIHSS) score at 48-h post-stroke were available for this study. Patient age, lesion

volume, and follow-up imaging time were tested for multi-collinearity using variance in�ation fac-

tor analysis and used as covariates in VLSM analyses. Covariate importance maps were computed

from the VLSM results by standardizing the beta coef�cients of general linear models.

Results: Covariates were found to have distinct regional importance with respect to lesion
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eloquence in the brain. Age has a relatively higher importance in the superior temporal gyrus,

inferior parietal lobule, and in the pre- and post-central gyri. Volume explains more variability

in the opercular area of the insula, inferior frontal gyrus, and caudate. Follow-up imaging time

accounts for most of the variance in the globus pallidus, ventromedial- and dorsolateral putamen,

dorsal caudate, pre-motor thalamus, and the dorsal insula.

Conclusions: This is the �rst study investigating and revealing distinctive regional patterns

of importance for covariates typically used in VLSM. These covariate importance maps can im-

prove our understanding of the lesion-de�cit relationships in patients and could prove valuable for

patient-speci�c treatment and rehabilitation planning.

4.2 Introduction

Voxel-wise lesion symptom mapping (VLSM) is a statistical framework that can be used to quan-

tify the regional relationship of structural integrity of the brain (post-stroke) to a clinical outcome

of interest. In the context of acute ischemic strokes, previous literature has investigated these

lesion-de�cit relationships at the regional or voxel level using various measures of stroke severity

of varying granularity ranging from gross outcomes, like the modi�ed Rankin scale [114, 45], to

�ner measures of impairment, for example to assess language [28, 38], spatial neglect [37], and

proprioception [115]. The results from VLSM are population-speci�c observations that can pro-

vide new insights into mechanisms underlying stroke recovery and, therefore, have potential to

guide future research in stroke precision medicine.

Various factors such as lesion size, lesion location [116], age [117], sex [118], time to treat-

ment [119, 120], blood pressure [121], and prevailing medical conditions [122] of the patient have

been previously identi�ed to be important parameters for stroke treatment decision making. The

effects of these (and other) confounding variables might be related to either the extent of structural

damage or the severity of clinical outcome (the relationship studied in the VLSM analyses). This

suggests that VLSM analyses should take these confounders into account to produce maps of the
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true regional eloquence, i.e., the underlying structure-function relationship that indicates the brain

regions that are highly critical (eloquent) with respect to the clinical outcome of interest. This can,

for example, be practically implemented in voxel-level methods by including the confounders as

covariates in a regression model. To date, the VLSM literature has dominantly considered age,

sex, and lesion volume as covariates with relevance to stroke [29].

However, to the best of our knowledge, there is no work that quanti�es the relative importance

each covariate has on the voxel-level statistic of the VLSM output. Therefore, the aim of this

work is to estimate the importance of each covariate at a voxel level using a VLSM technique.

The proposed covariate importance maps add complementary information to the standard VLSM

output, which could be a valuable tool for acute treatment decision making as well as tailored

rehabilitation planning.

4.3 Methods

4.3.1 Datasets

The datasets available and used for this study are obtained from the two multi-center ESCAPE [76]

and iKNOW [45] trials, which enrolled patients with middle cerebral artery stroke (MCA). In this

work, patients with severe white matter hyperintensities, bilateral strokes, and remote hemorrhagic

transformations are excluded. Patients who obtained a follow-up FLAIR MRI or non-contrast CT

imaging (18 hours - 7 days from baseline) and had a complete clinical assessment within 48-hours

of symptom onset are included in this study. The �nal sample contains 222 subjects (98 women)

with an average age of 68:6� 12:6 years. The clinical outcome of interest used in this work is

the NIH Stroke Scale (NIHSS) assessed at 48-hours post-stroke. NIHSS is a commonly used

secondary stroke outcome score involving assessments for (in decreasing order of representation)

voluntary motor function, level of consciousness, vision, language, sensory function, and spatial

neglect. The 48-hours timepoint is selected to avoid biases in the results due to comorbidities

unrelated to stroke and complications arising from in-hospital treatment at later assessment time-
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points. All datasets used in this study were made available for this secondary study after complete

anonymization.

4.3.2 Pre-processing

All lesions are segmented by an experienced observer using ITK-SNAP [123]. After this, all

datasets are skull-stripped and registered non-linearly to a common FLAIR and NCCT atlas [124]

using cost function masking, implemented in the ANTs toolkit [109]. Subsequently, the computed

deformation �eld that maps the native patient scan to the atlas image is applied to the corresponding

binary lesion mask for that patient. Since the dataset is pooled from multicenter trials, there is

considerable variability in: in-plane resolution [0.37�1.4 mm2], slice thickness [2�10 mm], and the

number of slices acquired [4�87]. Registering all native patient scans to a common atlas not only

helps to minimize image acquisition related differences but also removes anatomical differences

between all patients and allows for an unbiased statistical analysis within the common atlas space.

All datasets were visually inspected to ensure that no motion or other imaging artifacts are

present, signal to noise ratio was suitable, and the acquisitions were complete covering the whole

brain. Likewise, the registration results were visually checked and datasets with sub-optimal reg-

istration quality were excluded from this LSM analysis.

4.3.3 Voxel-Wise Lesion Symptom Mapping

Voxel-wise lesion symptom mapping (VLSM) is a statistical technique to generate eloquence maps

that quantify the difference between patients with a lesion and those without a lesion in each voxel

[28] with respect to a clinical outcome score. The result of VLSM is a parametric map that displays

the eloquence of each voxel with respect to the clinical outcome score of interest, known as the

lesion-symptom map.

Practically, this can be implemented by a voxel-wise statistical test comparing the distributions

of the outcome scores in patients with a lesion in a voxel to patients without a lesion in the same

voxel. This procedure results in a t-score, indicating how critical that voxel is with respect to
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the outcome score of interest. Voxels with higher t-scores are deemed to be more eloquent (i.e.

critically associated) to the outcome score (here the 48-hours NIHSS), thereby quantifying the

structure-function relationship. In other words, a high average t-score within a brain region implies

that a lesion in this brain region likely leads to more severe clinical de�cits. In this work, each voxel

is modelled as a general linear model (GLM) for VLSM, which is one of the traditional methods to

quantify lesion-de�cit relationships [28]. Correction for multiple comparisons was done using the

permutation based thresholding approach [47]. The proposed framework for variance estimation

is an extension of the VLSM source code released by Bates et al. [28].

4.3.4 Variable Importance

In this work, patient age, lesion volume, and the time from symptom onset to follow-up imaging

are selected as covariates to explore regional covariate importance. These covariates are tested

for collinearity in a �rst step using the Spearman‘s correlation, which is further con�rmed by a

variance in�ation factor analysis [125] using a linear regression model to predict NIHSS. Once

ensured that the covariates are unrelated, the VLSM analyses involved modelling the independent

voxel-wise GLMs [126] as shown below and correcting for multiple comparisons.

Si = bi;1 �Li +bi;2 �age +bi;3 � vol +bi;3 � f up + ei

Here, for each voxel location i, an independent regression model that predicts the eloquence

score Si at that spatial location using presence of lesion at that location (Li), age, lesion volume,

and follow-up imaging time (fup) as inputs is estimated. However, only voxels that survived the

permutation threshold (maximum t-threshold = 5.06 from the non-parametric null max distribution

over 1,000 permutations at alpha = 0.05) are considered to remove false positives.

The relative importance of covariates is inferred from the standardized beta coef�cients for

each covariate j at the voxel location i (bSi; j). Practically, the non-standardized beta coef�cient of

a covariate (bi; j) is normalized by the variance of the covariate and the mean squared error at the

voxel location i as follows [127].
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bSi; j = bi; jp
var(bi; j)�MSEi

Subsequently, the standardized beta coef�cients for a covariate at each true positive eloquent

voxel is written out into a separate covariate importance map, resulting in age-, volume-, and

followup time-speci�c covariate importance maps. These individual covariate importance maps

are linearly normalized to the range 0�1 to enable comparison.

For ease of interpretation, the parcellation de�ned in the Brainnetome atlas (23) is used to cal-

culate average regional covariate importance estimates. Finally, hierarchical clustering is employed

to group brain regions based on the average region level importance measures for each covariate.

An important advantage of using hierarchical clustering is that, unlike �at clustering techniques, it

provides a structural grouping of cerebral sub-regions. In order to avoid isolated eloquent regions

with few voxels biasing the clustering algorithm, an overlap analysis is conducted. More precisely,

all brain regions as de�ned by the Brainnetome atlas are ordered by the volume of overlap with

the VLSM output and only those regions that have at least a volume overlap of 400 voxels (50th

percentile) are included in the clustering analysis.

4.4 Results

Of the 222 subjects, there are 100 right hemispheric strokes. The average volume of lesions on the

left and right hemisphere was 42.04 and 43.65 cm3, respectively. The overlap of all transformed

lesions on the common FLAIR and NCCT atlas shows a typical distribution for MCA occlusions,

shown in Figure 4.1.

The correlation coef�cients (rs) comparing all covariates at the patient level are < 0.1 (p >

0.05) suggesting that there is no monotonic association between any two covariates (rs values: age

vs. lesion volume: -0.086; age vs. follow-up time: -0.051; volume vs. follow-up time: 0.043).

This �nding is further con�rmed by their variance in�ation values being < 5.0 in a linear regression

model to predict the 48-hours NIHSS, which is typically considered to indicate the absence of

multi-collinearity in the input data [128].

64



Figure 4.1: Overlap of all patients lesions in the common atlas space (N = 222) in radiological
convention.

The normalized VLSM output is shown in Figure 4.2A. Brain regions with relatively higher t-

score values are considered more eloquent with respect to the NIHSS outcome scale, which means

that even a small lesion volume in these regions is likely to result in a worse outcome. In this work,

the eloquent clusters that survived the correction for multiple comparisons are located around the

sub-cortical left hemispheric regions. No eloquence in the right hemisphere is observed.

The importance maps are substantially different for the covariates investigated in this work (see

Figure 4.2B�D). Age has a relatively higher importance in the superior temporal gyrus, inferior

parietal lobule, and in the pre- and post-central gyri. Lesion volume has the highest relative impor-

tance in the opercular area of the inferior frontal gyrus, ventral caudate, and the ventral agranular

insula. Finally, follow-up time was found to be the most important covariate in the globus pallidus,

ventromedial- and dorsolateral putamen, dorsal caudate, premotor thalamus, and dorsal insula.

The result from the hierarchical clustering algorithm is shown in Figure 4.3A. Here, the heatmap

from the clustering algorithm is represented as a dendrogram in Figure 4.3B outlining the sub-

regions with considerable overlap with the VLSM map. In the heatmap, each covariate is color-

coded (age in orange, lesion volume in blue, and follow-up time in green) with darker hues repre-

senting higher average covariate importance for a given brain region. It is clear from the heatmap

that for each covariate, the set of brain regions with high relative importance is nearly exclusive.
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4.5 Discussion

The main �nding of this study is that covariates typically used within VLSM analyses show dis-

tinctive patterns of regional importance for modeling lesion eloquence.

Of the eloquent brain regions mainly in�uenced by age, the superior temporal gyrus and infe-

rior parietal lobule have been previously reported to display age-speci�c changes in cerebral blood

�ow (CBF) patterns in healthy elderly (61.05 � 13.17 years of age) [129]. Speci�cally, it was pre-

viously reported that the CBF in the superior temporal gyrus increases with age as a compensatory

response to cognitive tasks, i.e., increased neural activity. Contrary to this, the CBF in the infe-

rior parietal lobule was shown to have a negative correlation with age resulting from the reduction

in neuronal activity and deterioration of microvasculature. Other studies using various imaging

modalities to investigate age-related perfusion changes have also led to comparable conclusions

in these regions [130, 131]. The age-related changes in CBF, microvasculature, and neuronal and

synaptic activity may deem these cortical structures more susceptible to brain damage in elderly

including ischemic stroke, thereby also explaining the likelihood of superior temporal gyrus and

inferior parietal lobule not only being eloquent to stroke severity metrics, but also their structure-

function relationship most explained by age.

From a connectivity perspective, the hippocampus, basal ganglia structures, and insula are

highly connected structures (a.k.a., rich-club structures) [132], indicating that any insult to these

regions is likely to result in a poor clinical outcome. This supports the current �nding that lesion

volume is the most important covariate for these rich-club brain structures or structures that link to

a rich club node, such as the caudate and insula [133].

The brain regions that have been previously reported to have the highest ischemic vulnerability

(i.e., increase in infarct per unit reduction in CBF) are the caudate body, putamen nucleus, insular

ribbon, middle frontal gyrus, precentral gyrus, and the frontal lobe subcortical white-matter and

paracentral lobule [27]. Furthermore, the insular ribbon has been described as the most vulnerable

brain region of the left hemisphere [27]. While it is important to include follow-up imaging time
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as a covariate to account for potential lesion growth/shrinkage, secondary injuries, and water ac-

cumulation differences over time, the importance of follow-up imaging time (or the post treatment

scan time) in the insular gyrus speci�cally, remains unclear, requiring further research. In general,

the regions that are common in variance importance maps have an overall high eloquence, i.e.,

critical to the outcome of interest. From Figure 4.3B, it is clear that even though there are com-

mon regions in the importance maps for each covariate, there are differences in average importance

across regions, suggesting that one covariate is likely to be relatively more important than the other

two covariates.

There is a strong evidence in the stroke literature pertaining to the bias of the NIHSS assess-

ment. More precisely, the NIHSS is biased toward the left hemisphere because of the language

domains and the fact that the consciousness domains are weighted to language. The right hemi-

sphere is reported to have a relatively less weight in NIHSS. Particularly, it was shown that the

volume of a right hemispheric lesion has to be far greater than a left hemispheric insult to result in

the same severity of outcome on the NIHSS scale [134]. A recent VLSM analysis conducted on

216 subjects from the MR CLEAN study showed that the inclusion of lesion volume as a covariate

eliminates the eloquence signal in the right hemisphere [114]. They described the resulting LSM

maps from three scenarios: (1) using the outcome score alone, (2) using the outcome score as the

target variable and sex and age as covariates; and (3) using the outcome score as the target variable

and sex, age, and lesion volume as covariates [see Figure 2 in Ernst et al.[114]]. The results clearly

indicate that the right hemispheric eloquence is no longer present when lesion volume is added as

a covariate in the LSM analysis using the modi�ed Rankin score as the outcome score. Therefore,

the absence of eloquence in the right hemisphere in this study is likely to stem from either the

lateralization of the NIHSS assessment, the effects of lesion volume as a covariate, or both.

The limitations of the proposed method to estimate variance importance of covariates in a

lesion symptom mapping approach should be discussed. First, this work should be considered

exploratory in terms of the choice of covariates to be adjusted for or included in the analysis.
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Although the covariates selected in this work are motivated by previous clinical stroke literature

and are typically considered in LSM analyses, this selection does not cover the entire repertoire of

confounders that could potentially bias an LSM study. For example, sex was intentionally excluded

from this study since there are established sex speci�c associations with other clinical and lifestyle

behaviours [118]. Nevertheless, the results of this study suggest that it is of clinical interest to

investigate the regional importance of covariates, and more covariates should be investigated in

future studies to improve our understanding of the structure-function relationship. Furthermore,

the current implementation does not account for potential interaction terms. However, the proposed

method could be extended to include interaction effects between covariates as part of the GLM as

an additional regression term as follows.

Si = b i;1�Li +b i;2�age +b i;3� vol +b i;4� f up +b i;5� (age� vol)+b i;5� (vol � f up)+ ei

However, interpretation of interaction effects is often complicated and requires that VLSM litera-

ture accumulates suf�cient evidence of the independent effects of clinically relevant covariates.

Furthermore, voxel-wise LSM requires multiple comparisons correction leading to a low statis-

tical power [73, 46] while not accounting for similar functional de�cits induced by non-overlapping

lesions (i.e., the partial injury problem) [59]. While LSM research is leading toward multivariate

models [52, 135] to resolve these issues, the general understanding of the in�uence of covariates in

de�ning the structure-function relationship in these multivariate models remains unclear. Finally,

the results reported in this study may be population speci�c. That is, a different sample size, unreli-

able segmentations of the lesions, or different lesion distributions could likely in�uence the VLSM

analysis, and their impact cannot be easily quanti�ed. Overall, this work should be considered as

a �rst important step in the estimation of voxel-wise variance using the most traditional VLSM

technique � general linear regression.

68



4.6 Conclusion

To the best of our knowledge, this is the �rst study investigating the regional importance of covari-

ates typically used in VLSM. Using the proposed method, distinctive patterns of regional impor-

tance of age, lesion volume, and follow-up time were found. The generated covariate importance

maps can help to improve our understanding of the lesion-de�cit relationships in patients and could

prove valuable for patient-speci�c treatment and rehabilitation planning.
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Figure 4.2: Importance maps for each covariate using voxel-wise generalized linear models cor-
rected for multiple corrections using permutation-based thresholding (p-value < 0.05): (A) nor-
malized VLSM result, (B) age, (C) lesion volume, (D) follow-up imaging time.
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Figure 4.3: Covariate importance estimates consolidated by hierarchical clustering: (A) regions
with higher average importance for age (red), volume (blue), and follow-up time (green); (B)
dendrogram of brain regions clustered by relative covariate importance.
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Chapter 5

Lesion-symptom mapping with NIHSS sub-scores in ischemic

stroke patients

Deepthi Rajashekar, Matthias Wilms, M. Ethan MacDonald, Serena Schimert, Michael D. Hill,

Andrew M. Demchuk, Mayank Goyal, Sean P. Dukelow, Nils D. Forkert1

5.1 Abstract

Background: Lesion-symptom mapping (LSM) is a statistical technique to investigate the population-

speci�c relationship between structural integrity and post-stroke clinical outcome. In clinical prac-

tice, patients are commonly evaluated using the National Institute of Health Stroke Scale (NIHSS),

an 11-domain clinical score to quantitate neurological de�cits due to stroke. So far, LSM studies

have mostly used the total NIHSS score for analysis, which might not uncover subtle structure-

function relationships associated with the speci�c sub-domains of the NIHSS evaluation. Thus,

the aim of this work was to investigate the feasibility to perform LSM analyses with sub-score

information to reveal category-speci�c structure-function relationships that a total score may not

reveal.

Method: Employing a multivariate technique, LSM analyses were conducted using a sam-

ple of 180 patients with NIHSS assessment at 48-hours post-stroke from the ESCAPE trial. The
1Submitted to the Journal of Stroke & Vascular Neurology.
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NIHSS domains were grouped into six categories using two schemes. LSM was conducted for

each category of the two groupings and the total NIHSS score.

Results: Sub-score LSM maps not only identify most of the brain regions that are identi�ed as

critical by the total NIHSS score, but also reveal additional brain regions critical to each function

category of the NIHSS assessment without requiring extensive, specialized assessments.

Conclusion: These �ndings show that widely available sub-scores of clinical outcome assess-

ments can be used to investigate more speci�c structure-function relationships, which may improve

predictive modeling of stroke outcomes in the context of modern clinical stroke assessments and

neuroimaging.

5.2 Introduction

Lesion-symptom mapping (LSM) is a population-speci�c statistical technique that can be used

to investigate the relationship between the post-stroke structural integrity of brain regions and the

severity of patient outcome measured by clinical assessment of functional and neurological de�cits.

The resulting LSM map displays regions of the brain that are critically associated with the clinical

outcome of interest. LSM analyses not only improve the current understanding of the function of

different brain areas, but also help to identify potential brain regions of interest to be studied in

predictive models of stroke outcomes. Any improvements in quantifying the relationship between

regions of the brain and individual aspects of brain function are likely to improve the precision

of stroke outcome prediction. Ultimately, an improved understanding of the structure-function

relationship can assist patient-speci�c management and rehabilitation.

The true relationship between the structural integrity and the clinical de�cit is predicated on:

(1) the size of the sample dataset [136], (2) the location of the stroke in the study population,

(3) the time-point of clinical assessment, (4) the imaging modality (as a proxy for image resolu-

tion and speci�city), (5) statistical tests employed (assumptions and limitations), (6) confounding

clinical variables, and (7) the methods to correct for multiple comparisons [73]. While most of
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these aspects have been investigated in detail, the LSM literature has focused predominantly on

specialised and detailed measures of stroke induced de�cits such as the aphasia and spatial ne-

glect batteries [137, 54, 50, 138, 139, 140] of clinical assessment. However, complex and highly

speci�c assessments are not commonly performed in the clinical routine and are naturally more

limited to surviving patients who have milder de�cits. In contrast, the National Institute of Health

Stroke Scale (NIHSS) is a clinical score to quantitate neurological de�cits that is administered

routinely for clinical stroke assessment. While various LSM studies have been performed using

the NIHSS score, only the gross score has been used for this purpose [141, 142]. By design, com-

posite neurological assessments do not have a uniform weight for the different domains of brain

function they assess. For example, the NIHSS is unevenly weighted in that motor and sensory

function contribute 23 points of the overall assessment, while level of consciousness accounts for

7 points, language and vision/oculomotor control contribute 5 points each, and spatial neglect is

allotted 2 points of the overall score. Thus, the NIHSS has a ceiling effect in its responsiveness,

despite its excellent internal consistency and inter-rater reliability [143]. In addition, the scale is

weighted towards the dominant hemisphere because language function has greater representation

than hemispatial neglect and as a result left hemisphere strokes, on average, score 5 more points

on the scale than right hemisphere strokes [134]. Thus, using only the total NIHSS score for LSM

analyses might not reveal critical brain regions speci�c to functions that have less weight towards

the total score.

The aim of this study is to investigate if NIHSS sub-score information can be used to identify

critical brain regions associated with more speci�c brain functions, which are normally identi�ed

using more speci�c and complex assessment scores.
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5.3 Material and Methods

5.3.1 Datasets

The datasets used in this study were sampled from the multicenter ESCAPE [76] trial, which

included acute ischemic stroke patients with an occlusion in the intracranial carotid artery or prox-

imal middle carotid artery, who obtained a follow-up MRI or CT scan, and had a baseline NIHSS

> 5. Any patients with severe white matter hyperintensities, bilateral strokes, or remote hemor-

rhagic transformations were excluded from this secondary analysis. Of the 315 patients enrolled in

the original trial, 180 patients met the inclusion criterion for this retrospective study. This subset

consisted of 84 males, average age of 69.1 – 13.3 years, average lesion size of 91.3 – 79.9 mL,

and a median 48-hour NIHSS of 9 [IQR: 4 � 17.5]. Since the data from the trial were acquired

in multiple centers with two different imaging modalities (non-contrast CT and �uid attenuated

inversion recovery MRI), the data sample consists of varying in-plane resolutions (0.3 - 1.4 mm2)

and slice thicknesses (2 � 10 mm).

The clinical assessment of interest for this study is the 48-hour NIHSS with the sub-score

information for each of the 11 NIHSS domains. Since these 11 domains are not mutually exclu-

sive and stroke-induced de�cits co-occur, two plausible categorizations were considered in this

work. The �rst scheme aligns with the design of the NIHSS evaluation alone and is referred to

as �Score-based grouping�. The second scheme was developed based on clinical aspects of stroke

presentation, considering the neuroanatomy, and is referred to as �Anatomy-based grouping� in the

remainder of this article. For instance, in the anatomy-based grouping, the level of consciousness

components that pertain to understanding and responding to commands (1b and 1c) are grouped

under the language category. The summary of sub-score categorization schemes are presented in

Table 5.1 and follow the de�nition of the 11-item modi�ed NIHSS scale [144, 145].
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Table 5.1: Summary of the two schemes to categorize NIHSS sub-scores assessed at 48-hours
(N =180, 84 males). The numbers correspond to the standard de�nition of the 11-item modi�ed
NIHSS scale. Anatomy-based grouping considers neuroanatomy to group the NIHSS components,
while score-based grouping follows the design of the NIHSS scale alone.

Category Score-based grouping Anatomy-based grouping
Level of consciousness 1a + 1b + 1c 1a + 2
Language 9 + 10 1b + 1c + 9 + 10
Motor 4 + 5a + 5b + 6a + 6b + 7 4 + 5a + 5b + 6a + 6b
Sensory 8 8 + 11
Vision 2 + 3 3
Ataxia - 7
Neglect 11 -

5.3.2 Lesion-symptom mapping

First, lesions were segmented in all datasets by an experienced observer using ITKSNAP. After

this, individual patient scans were non-linearly registered to the age-appropriate MIPLAB FLAIR

and NCCT atlas [124] with cost-function masking [61] of the segmented lesion using the ANTS

toolkit [109]. Registration was performed in three stages, employing rigid, af�ne, and non-linear

transformations using mutual information as the similarity metric. The resulting composite trans-

formation was then applied to the binary lesion masks to map the native lesions to the atlas space.

This registration of all lesions onto a common co-ordinate space corrects for differences in image

acquisition allowing for voxel-level statistical analysis. All registrations were visually assessed for

reliable mapping of individual scans to the MIPLAB atlas and all subsequent computations were

done in the MIPLAB atlas space.

This work employed the Sparse Canonical Correlation Analysis for Neuroimaging (SCCAN)

technique [52], one of the recent advances in multivariate LSM, through the LESYMAP package

(https://github.com/dorianps/LESYMAP) in the R-toolbox. Brie�y described, the SCCAN adapts

the canonical correlation analysis framework to the sparse lesion data to maximize the correlation

between the linear combination of voxels and the outcome score. This results in a weight for each

voxel location with higher weights indicating a critical association of that voxel with the outcome

score.

76



A separate LSM analysis was then conducted for each of the six NIHSS categories from the

score-based and anatomy-based groupings and the total NIHSS score, resulting in 13 unique LSM

maps, using the same 180 patients in all 13 analyses. To ensure that isolated large vessel occlusions

do not dominate the lesion-symptom relationship, voxels that were not lesioned in at least 10% of

the dataset were excluded, which is a default setting in LESYMAP. The SCCAN corrects for

lesion volume as a covariate in the sparse regression model with a signi�cance threshold of 0.05

and sparseness value of 0.045 (default). The result of one run of SCCAN is a map of voxel weights

normalized between 0 and 1, referred to as �eloquence score� in the remainder of this article.

5.3.3 Regions of critical association

The regions critically associated with the category speci�c NIHSS sub-scores were identi�ed us-

ing the parcellations de�ned in the AALCAT atlas (https://www.nitrc.org/projects/niistat/). The

AALCAT atlas is a fusion of 116 grey matter regions from the AAL atlas [146] and 34 white mat-

ter tracts from the CAT atlas [147] provided in the MRICRON toolbox. The AALCAT atlas was

mapped from its native space to the MIPLAB atlas space.

Subsequently, the volume overlaps of the 150 AALCAT brain regions with the LSM map for

each NIHSS category were calculated. Additionally, the average of all non-zero voxel weights per

brain region was computed resulting in an eloquence score for each region. It is important to note

that, the same severity of de�cit can be caused by lesions of varying volume in different parts of

the brain. In other words, a region with a large volume overlap might result in the same de�cit

as another brain region with smaller insult. Therefore, it is necessary to analyze the LSM results

not only by the volume of overlap with a brain region, but also by the average eloquence score per

region. For simplicity and to reduce the impact of false positives from noise, critical regions and

tracts are de�ned in this work as those that are in the highest quartile (Q4) in either volume overlap

or eloquence score, for each individual LSM result.
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5.4 Results

5.4.1 Lesion distribution

The overlap of all individual lesions in this dataset (in the MIPLAB space) is mostly characterized

by lesions in the MCA territory (see Figure 5.1). Among the grey matter structures, maximum

lesion overlap is found in the insular gyrus, basal ganglia (insult in putamen, caudate, and pallidum

in both hemispheres), superior temporal sulcus, Rolandic operculum, and the Heschl’s gyrus. The

most frequently affected white matter tracts are the inferior occipital frontal fasciculus, internal

capsule, and uncinate fasciculus. The most frequently affected white matter projections are the

corticospinal tract and optic radiations.

Figure 5.1: Overlap of all 180 subject lesions on the MIPLAB atlas in radiological convention.
The maximum occurrence of lesions in this data sample (shown in red) is in the MCA territory.
Implying, LSM (in this work) focuses on determining structure-function relationships of brain
regions supplied by and the NIHSS sub-domains.

5.4.2 LSM for NIHSS total score

Although the LSM map for the total NIHSS scale (total-map) has comparable volumes of critical

regions in both hemispheres (54.2% of the total-map in the left hemisphere and 45.8% in the

right hemisphere), the average eloquence value of the total-map is relatively higher in the left

hemisphere (Figure 5.2). The identi�ed critical regions include the left anterior segment of the
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arcuate fasciculus (0.37 – 0.21), left postcentral gyrus (0.34 – 0.18), left long segment of the

arcuate fasciculus (0.32 – 0.15), left cortico ponto cerebellar tract (0.32 – 0.15), bilateral arcuate

fasciculi (0.3 – 0.17 in left and 0.19 – 0.06 in right hemisphere), and the right corticospinal tract

(0.19 – 0.06).

Figure 5.2: LSM analyses for the total NIHSS score (total-map): higher eloquence scores indicate
regions critically associated with the 48-hour NIHSS. Result shows that even a small lesion suf�ces
to result in severe de�cit in the left hemispheric regions.

5.4.3 LSM for sub-scores in score-based grouping

The LSM result for level of consciousness, language, motor, sensory, vision, and neglect are sum-

marised in Table 5.2 and illustrated in Figure 5.3. In this scheme of sub-score categorization, the

critical brain regions identi�ed by LSM for level of consciousness and language are only in the left

hemisphere, with the language LSM map identifying �ve out of the nine regions found in the level

of consciousness LSM results (see Figure 5.3A). The left insular gyrus is the only critical region
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exclusive to the language LSM result. Both, the motor and sensory LSM results (Figure 5.3B),

are characterized by a dominance of white matter tracts in the right hemisphere. The vision LSM

result (Figure 5.3C) shows clusters of similar volume in both hemispheres. Conversely, the neglect

LSM result indicates only right hemispheric tracts.

5.4.4 LSM for sub-scores in anatomy-based grouping

The LSM results for domains of level of consciousness, language, motor, sensory, vision, and

ataxia are summarised in Table 5.3 and illustrated in Figure 5.4. In this scheme of sub-score

categorization, the LSM result for level of consciousness mostly identi�ed critical brain regions

in the right hemisphere except for the left corticospinal tract (contrary to score-based grouping).

The language LSM result identi�ed left hemispheric brain regions that are mostly similar to the

results for the score-based grouping except for the absence of left anterior segment, arcuate, and

addition of corpus callosum (Figure 5.4A). The motor and sensory LSM results (Figure 5.4A) are

also similar to the results of the �rst grouping characterized by a dominance of white matter tracts

in the right hemisphere (similar to the score-based grouping). The vision LSM result (Figure 5.4C)

shows clusters of similar volume in both hemispheres. Additionally, the LSM result for ataxia also

identi�ed primarily right hemispheric brain regions except for the left corticospinal tract.

5.4.5 Comparison of category-speci�c maps and total NIHSS map

Of the seven critical regions identi�ed in the total NIHSS score LSM result, at least two regions

were identi�ed in the LSM results for each category according to the score-based and anatomy-

based groupings. Figure 5.5 shows the total NIHSS score LSM result, which appears to be a subset

of the union of all the NIHSS category-speci�c maps, referred to as the cumulative map.
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Figure 5.3: LSM analyses for score-based NIHSS grouping: (a) consciousness and language � all
regions except the left insula and left anterior segment are critical in both consciousness (top) and
language LSM maps (below); (b) motor and sensory � bilateral critical association of the arcuate
and corticospinal tract in motor-map (top) whereas in the sensory LSM map (below), these tracts
are critical only in the right hemisphere; (c) vision and neglect � with the exception of arcuate, the
vision and sensory LSM maps have distinct critical regions.
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Figure 5.4: LSM analyses for anatomy-based NIHSS grouping: (a) consciousness LSM map (top)
shows predominantly right hemispheric regions while language-map (below) shows left hemi-
spheric brain regions; (b) bilateral critical association of the arcuate and corticospinal tract are
identi�ed in the motor LSM map (top) whereas in sensory LSM map (below) shows critical re-
gions only in the right hemisphere; (c) vision LSM map (top) shows bilateral critical regions while
the ataxia LSM map shows right hemispheric dominance.
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Figure 5.5: Comparison of the cumulative LSM map (red) and the total LSM map (blue) overlaid
on the MIPLAB atlas. Notice the cumulative map does not only contain most of the critical regions
seen in the total LSM map but reveals more structure-function relationships by utilizing NIHSS
sub-score information. Brain regions that are common to both the total NIHSS total map and the
sub-score cumulative map are shown in violet.
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Table 5.2: Summary of critical regions across all six categories in score-based grouping. The average score per region is calculated using
only the non-zero voxels.

Region Consciousness Language Motor Sensory Neglect Vision Total
Left hemisphere
Anterior segment of arcuate 0.36 – 0.20 0.35 – 0.20 X X X 0.28 – 0.14 0.37 – 0.21
Arcuate fasciculus 0.26 – 0.16 0.34 – 0.21 0.22 – 0.10 0.16 – 0.04 X 0.25 – 0.12 0.03 – 0.17
Corpus callosum 0.35 – 0.17 X X X X X X
Corticoponto cerebellum 0.39 – 0.21 X X X X X 0.32 – 0.16
Corticospinal tract 0.28 – 0.18 0.27 – 0.13 0.21 – 0.09 X X X X
Heschl’s gyrus 0.38 – 0.21 0.36 – 0.17 X X X X X
Inferior Occipitofrontal fasciculus 0.27 – 0.15 X X X X X X
Long segment of arcuate X X X X X X 0.32 – 0.15
Postcentral X X X X X X 0.34 – 0.18
Posterior segment 0.28 – 0.14 X X X X X X
Rolandic operculum 0.40 – 0.23 0.40 – 0.22 X X X X X
Insula X 0.26 – 0.13 X X X X X
Right hemisphere
Anterior segment of arcuate X X X X 0.33 – 0.17 0.40 – 0.24 0.19 – 0.60
Arcuate fasciculus X X 0.30 – 0.15 0.27 – 0.15 0.27 – 0.15 X X
Corticoponto cerebellum X X X 0.35 – 0.23 0.31 – 0.15 X X
Corticospinal X X 0.35 – 0.22 0.45 – 0.25 0.27 – 0.13 X 0.18 – 0.06
Frontal inferior operculum X X X X X 0.27 – 0.13 X
Insula X X X X 0.21 – 0.09 X X
Internal capsule X X 0.37 – 0.20 X X 0.28 – 0.14 X
Long segment of arcuate X X 0.34 – 0.19 X 0.27 – 0.16 0.30 – 0.14 X
Posterior segment of arcuate X X X 0.29 – 0.16 X X X
Rolandic operculum X X X 0.18 – 0.06 X X X
Temporal superior X X X 0.25 – 0.13 X 0.30 – 0.19 X
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Table 5.3: Summary of critical regions across all six categories in anatomy-based grouping. The average score per region is calculated
only using the non-zero voxels.

Region Consciousness Language Motor Sensory Ataxia Vision Total
Left hemisphere
Anterior segment of arcuate X X X X X X 0.37 – 0.21
Arcuate fasciculus X X 0.21 – 0.09 0.19 – 0.08 X 0.27 – 0.14 0.03 – 0.17
Corpus callosum X 0.29 – 0.09 X X X X X
Corticoponto cerebellum X X 0.23 – 0.11 X X X 0.32 – 0.16
Corticospinal tract 0.13 – 0.03 0.20 – 0.09 0.22 – 0.09 X 0.22 – 0.11 0.23 – 0.13 X
Heschl’s gyrus X 0.35 – 0.16 X X X X X
Long segment of arcuate X X X X X X 0.32 – 0.15
Postcentral gyrus X X X X X X 0.34 – 0.18
Rolandic operculum X 0.36 – 0.19 X X X X X
Insula X 0.32 – 0.19 X X X X X

Right hemisphere

Anterior segment of arcuate X X 0.34 – 0.04 X X X 0.19 – 0.60
Anterior commissure X X X X 0.38 – 0.22 X X
Arcuate fasciculus 0.34 – 0.21 X 0.23 – 0.10 X 0.16 – 0.05 X X
Caudate X X X 0.22 – 0.10 X X X
Corticospinal tract 0.27 – 0.16 X 0.33 –0.19 0.28 – 0.18 X X 0.18 – 0.06
Corticoponto cerebellum 0.20 – 0.07 X 0.33 – 0.18 0.34 – 0.21 X X X
Inferior longitudinal fasciculus X X X X 0.38 – 0.23 X X
Internal capsule 0.18 – 0.06 X X 0.32 – 0.18 X X X
Long segment of arcuate 0.43 – 0.23 X X X X X X
Pallidum X X X X 0.24 – 0.12 X X
Supramarginal gyrus X X X X 0.20 – 0.08 X X
Rolandic operculum 0.22 – 0.09 X X X X 0.36 – 0.21 X
Temporal superior X X X X X 0.38 – 0.23 X
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5.5 Discussion

The main �nding of this study is that, in a clinical acute ischemic stroke population, unique LSM

maps can be generated for each sub-domain of the NIHSS score. This approach not only captures

the known structure-function relationships with respect to the total score but also reveals category-

speci�c critical associations of brain regions to each domain of the composite assessment (level

of consciousness, language, motor, sensory, vision, ataxia, and hemi-spatial neglect) that may not

be appreciated when examining the total score alone. Even though the NIHSS is heavily weighted

towards motor function, the NIHSS domains that have a rather small representation in the total

NIHSS score (such as the hemispatial neglect or ataxia sub-domains) can be mapped to identify

category-speci�c structure-function relationships, allowing quantitative neuroimaging techniques

to make the most of the existing and widely available clinical assessment scores.

It is important to consider that of all critical regions in the NIHSS total score LSM results, the

left right arcuate and corticospinal tracts also occur in the motor, sensory, and neglect LSM results.

Contrary to this, the left postcentral gyrus was not identi�ed as critical in any NIHSS category

(of both score-based and anatomy-based groupings) but had a high average eloquence score in the

total NIHSS LSM result. This indicates that regardless of the granularity of the target score, the

structure-function relationship with respect to the total NIHSS scale is a cumulative effect from

each of the category-speci�c LSMs.

A less obvious observation is that the category speci�c LSM results that use NIHSS sub-score

information identify additional brain regions that are associated with the NIHSS score. These addi-

tional regions include the bilateral insula, Rolandic operculum, Heschl’s gyrus, posterior segment

of the arcuate fasciculus, right internal capsule, caudate, pallidum, anterior segment of the arcuate

fasciculus, superior temporal gyrus, arcuate fasciculus, supramarginal gyrus, cortico-ponto cere-

bellum, inferior occipitofrontal fasciculus, and corpus callosum. Heschl’s gyrus was shown to be

critical to both level of consciousness and language based on the score-based grouping and only

to language in anatomy-based grouping (Figure 5.3A and Figure 5.4A). This �nding is concordant
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with prior work examining consciousness through the auditory pathways [148], correlating the

volume of Heschl’s gyrus with the ability for auditory comprehension [149] and language learning

[150], with a particular emphasis on its role in distinguishing pitch [148, 150]. The association of

the Heschl’s gyrus with language comprehension is also reported by prior work in the LSM liter-

ature [151]. The arcuate fasciculus’ association with language is anticipated since it connects the

Broca and Wernicke areas in the left hemisphere [152]. In the right hemisphere, the arcuate fascicu-

lus is important for visuospatial processing [153], explaining its association to sensory function and

vision (Figure 5.3B, Figure 5.3C, Figure 5.4B, and Figure 5.4C). Lastly, the role of corticospinal

tracts and internal capsule with motor and sensory functions (Figure 5.3B and Figure 5.4B) is

well-established by studies examining structural integrity [83, 154] and lesion-symptom mapping

[44, 45].

LSMs have been extensively used to analyze lesion-de�cit relationships in cohorts with aphasia

[137, 54, 50, 140] or hemispatial neglect [138, 155] using tedious assessments evaluated usually

at least six months from stroke. It is interesting to note that all the regions indicated in language

LSMs (Figure 5.3A and Figure 5.4A) constitute a sub-set of the �ndings from studies that examine

chronic stroke cohorts. More precisely, a signi�cant aspect of structure-function relationships

seems to be observable already early on in the standard stroke care using clinical assessments like

the NIHSS sub-scores that are readily available, resulting in a possibility of an improved clinical

decision-support framework.

As is the case with all LSM studies, results in this work are population-speci�c and do not indi-

cate causal relationships about the clinical de�cit. Thus, the regions indicated as critical to NIHSS

sub-categories in this work are speci�c to MCA strokes (Figure 4.1). A group of stroke patients

with comparable representation of anterior and posterior strokes may result in a different subset of

critical brain regions including frontal or parietal regions. The results may vary with changes in

sample size and statistical technique (i.e., univariate v/s multivariate) employed to perform LSM.

From a clinical perspective, although NIHSS assessed at 48-hours is reported to predict 90-day
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functional outcomes in stroke patients [156], the relationship between stroke neuroanatomical lo-

cation may not be �nal or de�nitive at 48 hours post-stroke. Furthermore, LSM methods are not

able to model stroke induced diaschisis effects. Lastly, the score-based and anatomy-based group-

ings of the NIHSS domains attempted in this work are by no means an exhaustive categorisation

scheme. Multiple grouping strategies are plausible and largely determined by study design. How-

ever, the important inference here is that regardless of the grouping scheme, utilising sub-score

information reveals additional structure-function relationships that are clinically meaningful in

comparison to using the total NIHSS alone (Figure 5.5). With a larger sample size, subsequent re-

search in this direction should aim to utilize data-driven clustering approaches to group the NIHSS

domains to improve the generalizability of the proposed analysis to heterogenous stroke cohorts.

In a more general context, the proposed framework is also relevant in stroke recovery and

rehabilitation studies where the clinical assessments cover a wider range of post-stroke de�cits and

measure patient recovery precisely and repeatedly, allowing for a longitudinal study design. The

framework could also be adapted to other established impairment outcome measures such as the

Montreal Cognitive Assessment (MOCA), or those derived from rehabilitative therapies that treat

localised impairment [115, 157]. Overall, computational neuroimaging research of this nature

has the potential to uncover novel information about neural correlates of stroke-induced de�cits

that could help restructure the clinical evaluation of stroke patients [158] and improve predictive

models of long-term stroke outcome.

5.6 Conclusion

In summary, this study shows that the LSM map from the total NIHSS score captures a cumulative

effect of all the NIHSS categories and not just the post-stroke motor de�cits. The results also

indicate that using sub-score information reveals function-speci�c critical brain regions that are not

identi�ed using the NIHSS total score alone for LSM analysis. Thus, using sub-scores of widely

available assessment scores for LSM analyses is feasible and can improve our understanding of
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clinical stroke outcome.
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Chapter 6

Structural Integrity of White Matter Tracts as a Predictor of

Acute Ischemic Stroke Outcome

Rajashekar D, Mouch�es P, Fiehler J, Menon BK, Goyal M, Demchuk AM, et al. Structural integrity

of white matter tracts as a predictor of acute ischemic stroke outcome. Int J Stroke. 2020 Dec

1;15(9):965-72.

6.1 Abstract

Background and purpose: Clinical assessment scores in acute ischemic stroke are only moder-

ately correlated with lesion volume since lesion location is an important confounding factor. Many

studies have investigated gray matter indicators of stroke severity, but the understanding of white

matter tract involvement is limited in the early phase after stroke. This study aimed to measure and

model the involvement of white matter tracts with respect to 24-h post-stroke National Institutes

of Health Stroke Scale (NIHSS).

Material and methods: A total of 96 patients (50 females, mean age 66.4 14.0 years, median

NIHSS 5, inter-quartile range: 2�9.5) with follow-up �uid-attenuated inversion recovery mag-

netic resonance imaging data sets acquired one to seven days after acute ischemic stroke onset

due to proximal anterior circulation occlusion were included. Lesions were semi-automatically

segmented and non-linearly registered to a common reference atlas. The lesion overlap and tract
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integrity were determined for each white matter tract in the AALCAT atlas and used to model

NIHSS outcomes using a supervised linear-kernel support vector regression method, which was

evaluated using leave-one-patient-out cross validation.

Results: The support vector regression model using the tract integrity and tract lesion overlap

measurements predicted the 24-h NIHSS score with a high correlation value of r = 0.7. Using the

tract overlap and tract integrity feature improved the modeling accuracy of NIHSS signi�cantly by

6% (p � 0.05) compared to using overlap measures only.

Conclusion: White matter tract integrity and lesion load are important predictors for clinical

outcome after an acute ischemic stroke as measured by the NIHSS and should be integrated for

predictive modeling.

6.2 Introduction

Lesion location is known to play a crucial role for stroke severity and recovery. It has been shown

that a combination of lesion location and volume predicts stroke severity better compared to lesion

volume alone [2]. However, data investigating the impact of white matter (WM) involvement on

clinical outcome is sparse. Given that WM constitutes approximately half of the brain volume

and recovery from WM injury has a different trajectory compared to gray matter (GM) [159], the

importance of WM tract involvement in ischemic stroke should be investigated in more detail. Fur-

thermore, an improved understanding of WM injury will lay the foundation to build comprehensive

models of long-term outcomes that integrate the structural integrity of GM and WM structures,

both.

Previous studies investigating WM tract injury post-stroke predominantly used lesion overlap

measurements [83, 81, 80, 85, 82, 84]. However, a WM tract may be affected by a large percentage

of lesion overlap but still retain signal conduction. In contrast, a tract may have a small lesion that

does not spare any �bres within it, thus incapacitating the tract (Figure 6.1). Analyzing the tract

integrity in addition to simple overlap measurements might hold additional informative value for
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the prediction of the clinical outcome. The aim of this work was to develop a computer assisted

Figure 6.1: Synthetic example of tract integrity: (a) lesion spares some portion of the tract, but
volume overlap is high; (b) lesion cuts through the tract, but volume overlap is low; (c) a sample
patient data with the lesion (in red) and probabilistic white matter tracts overlaid. The yellow
arrow indicates a case of 100% tract dissection of the anterior thalamic radiation. The region of
lesion overlap completely cuts through the tract. Therefore, the integrity measure in this case is 0.
Opposite to this, the purple arrow shows a case of a similar lesion overlap (outlined in purple) but
spares more than 50% of the inferior fronto-occipital fasciculus in this slice.

decision support framework to quantify tract speci�c structural integrity measures and estimate the

utility of the proposed metric in combination with traditional lesion overlap measures to predict

early stroke outcomes.

6.3 Materials and methods

Data

The data sets used in this project were pooled together from two multi-center trials: the ESCAPE

[76] and the INTERRSeCT study [160], which include patients with acute anterior circulation

stroke who underwent follow-up magnetic resonance imaging (MRI) and computed tomography
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assessment. The ESCAPE database consists of 315 subjects with acute ischemic occlusion(s)

of the middle cerebral artery (M1-, M2-, or carotid-middle cerebral artery) imaged within 12-

hours of last-seen-normal and a baseline National Institutes of Health Stroke Scale (NIHSS) > 5.

The INTERRSeCT database consists of 100 patients, also imaged within 12-hours from symptom

onset.

In this study, follow-up �uid-attenuated inversion recovery (FLAIR) MRI was used as the basis

for lesion delineation. Therefore, only subjects who obtained follow-up FLAIR imaging within one

to seven days after acute ischemic stroke and had a measured NIHSS score at approximately 24-

hours after onset were included. Subjects with previous cerebral strokes, bilateral lesions, remote

hemorrhagic transformations, or severe WM hyper-intensities were excluded.

The �nal sample size consisted of 96 patients, 39 subjects from ESCAPE and 57 from IN-

TERRSeCT. Table 6.1 shows the summary of clinical data of the included patients. The majority

of subjects received follow-up imaging within 1 to 2 days (N = 79), 11 subjects within 2.5 to 3

days, and 5 within 3.5 to 5.5 days. Of the 79 subjects imaged within grey matter, 67 of them were

followed-up within 1 to 1.5 days (< 36-hours).

The data that support the �ndings of this study can be requested from the principal investigators

of the two multi-centre trials. Acquisition of the data sets for the two trials was approved by the

respective local ethics board at each site contributing to the two trials. All data sets used in this

secondary study were made available after complete anonymization.

Preprocessing

Lesions were semi-automatically segmented in each FLAIR MRI data set using ANTONIA [161,

162]. Skull stripping of the FLAIR MRI data sets was performed using the ANTs toolkit [109].

The individual brain volumes were globally aligned to the elderly brain atlas developed by the

groupe d’imagerie neurofonctionnelle (GIN) [102] using an af�ne registration. To ensure local

correspondence, this af�ne transform was used to initialize a secondary non-linear registration

employing the Lanczos-windowed-sinc interpolation and optimization of the mutual information
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Table 6.1: Clinical characteristics of the sample population (n = 96)

Characteristics Left Hemisphere Right Hemisphere
Frequency, n 56 40
Sex, females 31 19
Mean age, years (95% CI) 66.5 (63-70) 66 (62-70)
Median NIHSS, 24h (IQR) 5(9) 5(6.25)
Median mRS, 90 day (IQR) 1(3) 2(2)
Treatment type, EVT (tPA) 12(44) 12(28)
Mean follow-up MRI scan, days (95% CI) 1.8(1.6-2) 1.6(1.3-1.9)

CI: con�dence interval; MRI: magnetic resonance imaging; EVT: endovascular therapy; IQR:
interquartile range; NIHSS: National Institutes of Health Stroke Scale

similarity metric with cost function masking [61]. The resulting non-linear transformations were

applied to the binary lesion masks using a nearest-neighbour interpolation, thereby transforming

them from patient space to atlas space. No mirroring of lesions from the left to the right hemisphere

(or vice versa) was performed. All registrations were visually assessed.

Feature extraction

The AALCAT WM atlas provided by the NiiStat toolbox (https://www.nitrc.org/projects/niistat/)

was employed to quantify the WM tract lesion overlap and integrity as described in the following.

It consists of labels for 17 WM tracts in the left and right hemisphere separately, resulting in 34

unique labels.

Tract overlap

The volume of the overlap of a lesion with a tract, normalized by the total tract volume is calculated

(in atlas space) for each WM tract. This relative overlap is indicative of the extent of the insult to

the WM tract.

Tract integrity

In the following, tract integrity refers only to the structural integrity of a WM tract. For calcula-

tion of this metric, a binary mask is �rst created for each tract and a corresponding 3D centerline

representation is calculated. For each voxel of the 3D centerline, Danielsson’s distance mapping
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[163] is used to compute the initial tract thickness (Twm). To determine the structural tract integrity,

a second binary mask is created for each lesioned tract by subtraction of the lesion from the bi-

narized unaffected tract. Again, the tract thickness estimation is repeated for the lesioned tract

(Tlesion). For each centerline voxel, the percent difference in width comparing the tract with and

without lesion is computed, and the maximum value is used as the �nal tract integrity measure

(Tspared = argmax
�Twm�T lesion

Twm
�
). Figure 6.1(c) juxtaposes the tract overlap and integrity metric

pictorially using a sample patient data.

6.3.1 Predictive model

To investigate the predictive power of the tract overlap and integrity features, a linear-kernel

epsilon-support vector regression (SVR) machine was trained to predict the 24-hours NIHSS and

evaluated using a leave-one patient-out cross validation scheme. The algorithm aims to identify a

linear function in the high-dimensional feature space such that regression errors within the toler-

ance of e (i.e., the support vectors) are not penalized. Default parameter values of C = 1, which

controls the trade-off between misclassi�cation and error-minimization, and e = 0.001 were used.

Within the cross-validation of each SVR, the ReliefF algorithm is used to rank the input features

in order of their ef�cacy in differentiating their closest neighbors in the high-dimensional feature

space [164]. This iterative RreliefF-SVR algorithm results in a reduced subset of WM tract features

for predicting the 24-hours NIHSS outcome, which is bene�cial as redundant and noninformative

features often downgrade the prediction accuracy.

Two sets of input features are used for training and evaluation of the SVRs. The �rst set in-

cludes patient age, sex, and tract overlap measures of the WM tracts. The second set includes

patient age, sex, tract overlap, and tract integrity measures. These regression models are indi-

vidually evaluated using their mean absolute error (MAE), the root mean square error (RMSE),

and the Spearman’s rho (r) correlation coef�cient. The utility of using the tract integrity measure

in addition to the simple tract overlap metric for predicting early stroke outcomes is assessed by

statistically comparing the residuals of the regression models using the Friedman test [165].
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In order to investigate the features selected by the SVR in more detail, non-parametric correla-

tion coef�cients were determined for the WM tract overlap and integrity features that were selected

at least once in the leave-one-patient-out cross correlations for prediction of the 24-hours NIHSS

(Spearman’s r; 2-tailed). A p-value < 0.05 was considered signi�cant.

6.4 Results

The simple SVR model using the overlap measurements as well as the patient age and sex predicted

the 24-hours NIHSS score with a MAE of 3.27 and a RMSE of 4.35, corresponding to a correlation

of r = 0.64. Compared to this, the SVR model using the tract integrity measurements in addition

to the tract overlap measurements and patient sex and age predicted the 24-hours NIHSS score

with a MAE of 2.92 and a RMSE of 3.95, corresponding to a correlation of r = 0.7 (Figure 6.2).

The non-parametric Friedman chi-squared analysis of variance of the two residual distributions

(Figure 6.3) revealed that the SVR model using the tract integrity measurements in addition to the

lesion overlap measurements performs signi�cantly better (p = 0.004).

Figure 6.2: Plots showing the correlation between predicted and target NIHSS from the SVR
models using: (a) overlap features only; (b) overlap and tract integrity features. Lines indicate the
locally weighted smooth �t curve.

Table 6.2 shows the WM tract overlap and integrity features, which were selected by the SVR

model using the tract overlap as well as integrity measurements. The correlation analysis revealed

that most of the selected features are signi�cantly correlated with the 24-hours NIHSS outcome

variable (p < 0.05) in at least one hemisphere. Exceptions to this include the arcuate, inferior
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Figure 6.3: The distribution of residuals in the SVR models with and without the tract integrity
feature.

occipital fasciculus, internal capsule, posterior segment, cerebellar pedunculus, and the uncinate.

Overall, it becomes apparent that the overlap measurements are more highly correlated with the 24-

hours NIHSS outcome compared to the corresponding integrity measurements in the majority of

cases. However, the correlation values of the multi-parametric SVR models outperform the single

parameter correlation values in all cases highlighting the bene�t of the proposed multi-parametric

machine learning approach.

6.5 Discussion

The main �nding of this study is that WM lesion overlap and integrity are important determinants

of 24-hours NIHSS outcome in acute ischemic stroke patients. Furthermore, our analyses showed
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Table 6.2: Spearman correlation coef�cients of tract overlap and integrity features used in the
predictive model with 24-hours NIHSS.

Tract name Overlap vs. NIHSS Integrity vs. NIHSS
Left Anterior Commissure 0.36* 0.27*
Right Anterior Commissure 0.02 0.02
Left Arcuate 0.21* 0.19
Right Arcuate 0.09 0.1
Left Cingulum 0.36* 0.31*
Right Cingulum 0.36* 0.31*
Left Corpus Callosum 0.31* 0.27*
Right Corpus Callosum 0.17 0.14
Left Cortico Spinal 0.3* 0.24*
Right Cortico Spinal 0.07 0.03
Left Fornix 0.36* 0.29*
Right Fornix 0.15 0.11
Left Inferior Longitudinal Fasciculus 0.28* 0.34*
Right Inferior Longitudinal Fasciculus 0.04 0.07
Left Inferior Occipito Frontal Fasciculus 0.29* 0.13
Right Inferior Occipito Frontal Fasciculus 0.07 0.12
Left Internal Capsule 0.33* 0.17
Right Internal Capsule 0.09 0.07
Left Optic Radiations 0.32* 0.25*
Left Posterior Segment 0.21* 0.15
Right Posterior Segment 0.07 0.03
Right Superior Cerebellar Pedunculus 0.03 0.03
Left Uncinate 0.32* 0.23*
Right Uncinate 0.04 0.0

*Signi�cant correlation (p < 0.05).

that inclusion of the structural tract integrity metric in addition to simple tract overlap metric signif-

icantly improves the prediction of the 24-hours NIHSS outcome in acute ischemic stroke patients

compared to using the simple and more widely used lesion overlap metric alone.

Multiple studies have investigated lesion overlap of WM tracts before to model clinical out-

comes (both acute and chronic). It is widely established that the greater the damage to the corti-

cospinal tract (CST) is, the poorer the motor outcome will be. CST lesion volume overlap has been

extensively studied for assessing post-stroke motor outcome ranging from �nger strength and hand

function [82] to more global measure of functional ability using the Chedoke-McMaster stroke as-
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sessment (CMSA), action research arm test (ARAT), and NIHSS stroke scale [81, 80, 85]. It was

reported that structural integrity of CST correlates well with long-term NIHSS outcomes (three

months), complements resting state connectivity measures, and in general is better at modelling

residual functional connectivity than global lesion volume measures. However, these studies mea-

sure structural integrity of the CST by only calculating the percentage of lesion volume overlap

with the CST tract. We propose that the tract integrity metric is a complementary measure of the

structural integrity of WM tracts and encourage future studies that quantify structure�function rela-

tionships to include tract integrity in their analysis. The tract overlap and integrity metrics measure

different aspects of a WM injury (see page 92). Therefore, the improvement in predictive accu-

racy of the machine learning model can be attributed to the complementary information the tract

integrity features provide the machine learning algorithm for modelling the 24-hours NIHSS. This

tract integrity measure is especially relevant to post-stroke disconnection syndromes. The study of

conduction pathways in the brain, i.e., hodology, revealed that brain regions can retain their inde-

pendent functional specializations, while having signi�cant impairments with respect to functional

outcomes that rely on the co-ordination of two disconnected brain regions [86, 166]. Neuroimaging

research investigating higher order mental functions has begun to juxtapose the pathophysiology of

impairment from the perspective of disconnection with quantitative �ndings (GM eloquence) from

lesion-symptom mapping studies [167]. Recently, an aphasia study investigated the usefulness of

disconnection analysis for predicting language outcomes among stroke patients [168]. The authors

utilized a graph-based approach to quantify the post-stroke structural connectivity changes using

diffusion tensor based tractography maps and concluded that disconnection metrics do not improve

the prediction of language outcomes compared to simple lesion overlap measurements. Although

their results might seem to contravene our analysis, several design considerations may explain the

difference. First, the stroke cohort analyzed in this study is of a broad age range (19�99 years),

with varying imaging time points (few weeks to 40-years post-stroke), and long-term language as-

sessments (58-66 months). Second, in contrast to the proposed tract integrity metric that quanti�es
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the change in cross-sectional area for each WM tract post-stroke, the disconnection metric used in

the previous study is representative of regional connectivity changes and global structural network

changes. The authors sought to estimate the relationship between the changes in WM connectivity

with language scores assessed after the neurological recovery period (90 days post-stroke). Al-

though their work suggests that disconnection does not improve the long-term language outcome

prediction model, the broader utility of structural tract integrity measures in modelling other stroke

outcomes like the 24-hours NIHSS used in this work, requires further investigation.

Another study reports that in chronic stroke patients, injury of the CST is correlated with mo-

tor impairment measured by the Fugl-Meyer assessment [83]. In particular, the authors compute a

normalized lesion overlap metric, using a slice-by-slice approach in which at each slice, the width

of the tract was used to normalize the raw overlap values. The authors suggest that higher normal-

ized CST lesion overlaps lead to worse motor de�cits (independent of the global lesion volume).

While this method compensates for the tapering of the tract, it calculates a single integrity metric

for each slice of the image that is affected by the orientation of the tract, instead of advanced 3D

metrics as proposed in this work.

The results of this study suggest that the lesion overlap measurements are more highly corre-

lated with the 24-hours NIHSS compared to the integrity measurements in univariate analyses. At

the same time, including the tract integrity measurements in addition to the tract lesion overlap

measurements improved the prediction of the 24-hours NIHSS signi�cantly. For this reason, the

tract integrity measurement is not a replacement for the tract lesion overlap metric but should be

considered complementary.

Furthermore, the results of this study suggest that left hemispheric tracts are generally more

important for modelling the clinical outcome in acute ischemic stroke patients. This �nding is

generally well in line with previous �ndings. For example, Ernst et al.[114] investigated the elo-

quence with respect to motor function in each hemisphere independently with a sample of compa-

rable lesion loads in both hemispheres and reported a left hemispheric dominance after accounting
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for age, sex, and lesion volume in their univariate voxel-wise analysis. Similar results are also

reported in other studies that model NIHSS as the outcome variable [80]. Aside from this, a ma-

jority of patients included in this study had left-hemispheric strokes (see Table 6.1), which could

also contribute to the dominance of eloquent WM tracts found in the left hemisphere. Most im-

portantly, the NIHSS outcome score assesses language, which is a lateralized function. Therefore,

the predilection to left hemispheric tracts is likely also due to the nature of the NIHSS scale itself

[145].

There are a few limitations of the current work that should be acknowledged. First, the sample

considered in this study includes mild to moderate strokes only (Table 6.1). Therefore, the top-

ranked WM tracts are affected by a sample bias. The degree of involvement of a tract might change

given a different stroke population and these estimates may differ. The extent of tract integrity

also depends on the initial width of the tract as marked by the atlas. Therefore, the ratio of tract

integrity can vary based on the �delity of the WM atlas used [169]. Furthermore, the tract integrity

measure does not consider compensatory routes that may support the function of a remote brain

region. The severity of the clinical de�cit results mainly from the inability of the entire functional

network to perform a certain task. Given the possibility of perilesional neuroplasticity (remapping

signal conduction pathways around the site of injury), a disruption in a single WM tract may not

disrupt the entire functional network. Lastly, the tolerance of structural tract integrity for each WM

tract in the brain is unknown. In other words, there is no evidence in literature how the extent of

tract dissection relates to clinical de�cits and if there are any speci�c thresholds. Although the tract

integrity measure offers a new perspective of measuring tract involvement, the clinical signi�cance

of this metric needs to be investigated in future studies. Finally, it should be highlighted that this

work focused solely on WM tract involvement for predicting stroke outcome. For this reason, the

overall lesion volume was not used as an additional feature for the prediction as this would have

included GM involvement, which would have made it dif�cult to investigate the true importance

of the WM involvement. Thus, future work should focus on including WM and GM lesion metrics
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at the same time for predicting clinical outcome.

Despite these limitations, it is envisaged that the proposed framework for quantifying WM

involvement is a step in the right direction towards modelling stroke outcomes. Future research to

improve the prediction accuracy of long-term clinical outcome may bene�t from including tract-

based and atlas-based features such as regional lesion overlaps. Previous research in this area,

however, has mostly focussed on univariate statistics and GM involvement [138, 170]. Given

the results of this study, it appears bene�cial to combine features that quantify involvement and

integrity of GM and WM at the same time along with patient clinical data within a multi-parametric

machine learning framework to predict clinical outcome.

6.6 Conclusion

In conclusion, the results of this study suggest that the WM tract integrity and lesion load are

important predictors for clinical outcome as measured by the NIHSS. In the future, both tract-

based and gray matter lesion features could be utilized to model clinical outcomes.
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Chapter 7

Prediction of clinical outcomes in acute ischaemic stroke

patients: a comparative study

Deepthi Rajashekar, Michael D. Hill, Andrew M. Demchuk, Mayank Goyal, Sean P. Dukelow,

Nils D. Forkert, Frontiers in Neurology Stroke 12 (2021): 678.

7.1 Abstract

Background: Clinical stroke rehabilitation decision making relies on multi-modal data, including

imaging and other clinical assessments. However, most previously described methods for predict-

ing long-term stroke outcomes do not make use of the full multi-modal data available. The aim of

this work was to develop and evaluate the bene�t of nested regression models that utilize clinical

assessments as well as image-based biomarkers to model 30-day NIHSS.

Method: 221 subjects were pooled from two prospective trials with follow-up MRI or CT

scans, and NIHSS assessed at baseline, as well as 48-hours and 30 days after symptom onset. Three

prediction models for 30-day NIHSS were developed using a support vector regression model: one

clinical model based on modi�able and non-modi�able risk factors (MCLINICAL) and two nested

regression models that aggregate clinical and image-based features that differed with respect to

the method used for selection of important brain regions for the modelling task. The �rst model

used the widely accepted RreliefF (MRELIEF ) machine learning method for this purpose, while the
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second model employed a lesion-symptom mapping technique (MLSM) often used in neuroscience

to investigate structure-function relationships and identify eloquent regions in the brain.

Results: The two nested models achieved a similar performance while considerably outper-

forming the clinical model. However, MRELIEF required fewer brain regions and achieved a lower

mean absolute error than MLSM while being less computationally expensive.

Conclusion: Aggregating clinical and imaging information leads to considerably better out-

come prediction models. While lesion-symptom mapping is a useful tool to investigate structure-

function relationships of the brain, it does not lead to better outcome predictions compared to a

simple data-driven feature selection approach, which is less computationally expensive and easier

to implement.

7.2 Introduction

The prognosis of clinical and functional outcome in acute ischemic stroke patients is typically made

based on multi-modal information such as demographic, clinical, laboratory, and radiological data.

Theoretically, machine learning models can identify patterns in high-dimensional data that can be

used to make data-driven and reproducible stroke outcome predictions in new patients and support

patient management. However, despite the ability to integrate multimodal information, recent

machine learning models have mostly utilized clinical data or image-based biomarkers alone [171]

to predict stroke outcome. So far, the bene�t of using true multi-modal data for stroke outcome

prediction has not been investigated comprehensively. One of the few multi-modal predictive

models of stroke outcome was described by Brugnara et al. [94]. However, clinical assessments

at various timepoints are used as input features without addressing the issue of feature collinearity.

Furthermore, previous studies often predict the stroke outcome in a binary classi�cation scheme

(good vs. bad), which ignores the incremental, yet relevant non-linear differences in stroke severity

scores.

Integration of image-based biomarkers for stroke outcome prediction is more complex than
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using other clinical assessments in most cases but has the potential to add considerable predictive

power. A key aspect to consider within this context is the selection of regions-of-interest (ROIs)

in the brain that are critically associated with the clinical de�cit of interest since non-informative

and redundant feature can downgrade the prediction accuracy considerably [74]. Lesion-symptom

mapping (LSM) [29] is able to identify brain regions that are important for a clinical outcome

score of interest but has only been used rarely for selection of brain regions for stroke outcome

prediction [87]. The more common ROI selection approach is to use classical feature selection

methods during the training process. However, these two general approaches have never been

compared to date with respect to stroke outcome prediction.

The aim of this work is to compare different setups of nested machine learning models using

clinical information only and a combination of clinical and radiological features selected using

lesion-symptom mapping and classical feature selection methods to predict the 30-day NIH stroke

scale (NIHSS).

7.3 Methods

7.3.1 Data

The datasets used in this study were pooled from the ESCAPE [76] and iKNOW [45] trials. Pa-

tients with remote hemorrhages, bilateral lesions, and severe white matter hyper-intensities were

excluded from this secondary analysis, and only patients with a follow-up MRI or CT scan (18-

hours to one week from baseline) with complete clinical information (obtained after stroke and up

to six hours post randomization) were included, leading to a �nal sample of 221 patients. The clin-

ical outcome of interest in this study is the NIHSS assessed 30 days after stroke symptom onset.

The patient characteristics are summarized in Table 7.1. The measurable clinical and laboratory

features used in the nested regression model include age, sex, modi�able and non-modi�able risk

factors suggested in the evidence-based review of stroke rehabilitation [172]. These include blood

pressure, glucose, hematocrit, hypertension, diabetes, smoking status, hyperlipidemia, and atrial
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�brillation (see Table 7.3 in supplemental information). Additionally, the baseline NIHSS score

(pre-treatment) was also included as part of the clinical data to model stroke outcome [87, 173].

Table 7.1: Characteristics of patients pooled (N=221) from the ESCAPE and iKNOW datasets.

Variable ESCAPE (N=143) iKNOW (N=78) Dataset (N=221)

Median Age (IQR) 68 (19.5) 70.5 (15) 69 (19)
Sex - Females 75 31 106
Treatment - Alteplase 66 46 112
Median Onset to randomization time (IQR) 160 min (149) 126.5 min (118.05) 152 min (137)
Median Baseline NIHSS (IQR) 16 (7) 12 (10) 15 (8)

All lesions were manually delineated by an expert observer using the ITK-SNAP tool. Each

image sequence was skull stripped and non-linearly registered to the common FLAIR-NCCT [124]

atlas of the elderly using the ANTs toolkit. The grey matter (GM) and white matter (WM) parcel-

lations from the probabilistic BNA atlas [174] and the JHU atlas [175], respectively, were fused

and transformed to the FLAIR-NCCT atlas. All image-based features are computed in the FLAIR-

NCCT atlas space.

7.3.2 Model Design

Nested regression models were developed to predict the 30-day NIHSS outcome based on clinical

data and image-based biomarkers. Here, the �rst model predicts the 48-hour NIHSS using imaging

features alone whereas the prediction of the resulting model is then used together with clinical

features to predict the 30-day NIHSS.

NIHSS30�days � (Featuresclinical +(NIHSS48�hours � Featuresimaging))

For both models, epsilon-regression was used implemented using in a radial kernel support

vector regression (SVR) framework. Using follow-up imaging acquired between 18-hours and �ve

days from symptom onset to identify regions-of-interest (ROIs) that maximally correlate with a

long-term assessment might introduce confounding effects and bias the results. The ROIs included

in the predictive models were identi�ed with respect to the 48-hours NIHSS to ensure that the

identi�ed structure-function relationships are related to the primary stroke-induced de�cits alone.
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This ensures that the identi�ed ROIs are not selected because of post-secondary comorbidities (un-

related to the primary stroke) developed either in-hospital or post-discharge. The two approaches

for ROI selection are: (i) the LSM method using Brunner-Munzel test [176] and (ii) a widely ac-

cepted machine learning-based feature selection method that accounts for collinearity known as

RreliefF [164]. The LSM method was implemented using the LESYMAP package using the de-

fault parameters employing a p-value threshold at 0.05, discarding voxels not injured in at least

10% of the sample data, and using false discovery rate (FDR, the rate of Type 1 errors) to correct

for multiple comparisons. For ease of comparison, brain regions that were not affected in at least

10% of the sample data were also removed prior to the RreliefF feature selection. The RreliefF

feature selector was also employed using default parameters from the Fselector package with the

sample size of 10 and a neighbor count set to �ve. The result of the LSM is a statistical map of

clusters of signi�cant voxels that survive the FDR correction with non-zero voxel weights. Regions

in the BNA-JHU parcellation that were assigned non-zero voxel weights by the LSM analysis were

included as ROIs in the proposed regression analyses.

For each brain region identi�ed by LSM as being important in the training set, the relative lesion

overlap was computed and used as image-based features. Moreover, in case of WM tracts, the

cross-sectional width of the tract spared after the lesion was also calculated and used as additional

features [154]. Therefore, the �nal set of image-derived input features used in this study include

GM overlap, WM overlap, and WM tract integrity for all the selected ROIs.

For RreliefF feature selection, the lesion overlap (GM and WM) and tract integrity (only WM)

was calculated for each atlas region and used for feature selection based on the training set.

7.3.3 Model Evaluation

For the sake of being able to compare brain regions selected for stroke outcome prediction qualita-

tively between the two models, the data was randomly split into completely independent training

and test sets. This resulted in only one set of features selected for each method, which greatly en-

hances the interpretability and comparison of the models. Therefore, entire dataset was partitioned
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into two mutually exclusive subsets for model training (80%) and testing (20%) using a strati�ed

split that preserves the representation of stroke severity across both groups. Three models were

evaluated in this framework: (i) unnested SVR model with clinical features alone (MCLINICAL) se-

lected using RreliefF; (ii) nested model using clinical and imaging data with RreliefF as feature

selector (MRELIEF ); and (iii) nested model using clinical and image data with LSM as feature se-

lector (MLSM). The resulting models were compared for predictive performance with respect to the

model’s mean absolute error (MAE) and coef�cient of determination (R2).

7.4 Results

The overlap of all individual patient lesions in the atlas space shows that maximum incidence

of stroke in this dataset occurs in the brain regions supplied by the middle cerebral artery (see

Figure 7.2 in supplemental information). The median recovery pro�le of patients in this database

is shown in Figure 7.3.

The model using clinical features only resulted in a rather poor predictive performance (R2 =

0.13). The optimal prediction results were achieved using age, baseline NIHSS, blood glucose and

hematocrit levels, sex, presence of atrial �brillation, hypertension, and hyperlipidemia, treatment

decision (endovascular thrombectomy or tissue plasminogen activator), symptom onset to admis-

sion time, and blood pressure as features. However, the iterative feature selection procedure using

RreliefF did not select presence of diabetes and smoking status, which are usually considered im-

portant predictors. Only the clinical features selected in this model were included in the two nested

models to enable a direct comparison.

Compared to the simple predictive model using clinical features only, the two nested (MRELIEF

and MLSM) models performed better and resulted in comparable R2 and MAEs (see Table 7.2). No

statistically signi�cant MAE differences (p-value > 0.05) were found comparing the two nested

models. However, MRELIEF used only 44 ROIs in comparison to the 106 ROIs selected in MLSM

(see Figure 7.1). The plots of the predicted and ground truth scores for both models are shown in
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Figure 7.4.

Table 7.2: Model performances for each setup.

Model MAE RMSE R2 p-value

MCLINICAL 4.33 5.53 0.13 0.0184
MRELIEF 3.55 4.34 0.43 1.89e-06
MLSM 3.50 4.54 0.40 6.22e-06

MAE: mean absolute error; RMSE: Root mean squared error; R2: coef�cient of determination;
MCLINICAL: model with clinical features alone; MRELIEF : ROIs selected by RreliefF and nested
with clinical features; MLSM: ROIs selected using lesion-symptom mapping and nested with clini-
cal features.

7.5 Discussion

This study demonstrates that conventional machine learning feature selection methods (MRELIEF )

can identify important brain regions for stroke outcome prediction as well as conventional lesion-

symptom mapping methods (MLSM).

The advantage of the MRELIEF model over the MLSM model are two-fold. First, the MRELIEF

model is simpler since it uses less than 50% of features compared to the MLSM model and results in

similar predictive performance. Second, the MRELIEF setup does not require extensive LSM com-

putations to derive structure-function relationships and identify eloquent brain regions. Speci�-

cally, despite using a fewer number of regions, the ROIs chosen by the MRELIEF model are largely

in the left hemisphere and include regions that correspond to the dominance of left-hemispheric

functions assessed by NIHSS.

Importantly, using LSM for ROI selection has additional limitations that the RreliefF feature

selection overcomes. First, LSM analyses suffer from low statistical power due to the corrections

for multiple comparisons and do not account for violating assumptions of normality in the outcome

score. Second, the LSM analysis results in individual voxel weights, which are not really needed

to compute region-level inferences of critical brain regions that are associated with a de�cit. While

LSM is a powerful tool to investigate the neural correlates of stroke induced clinical de�cit, its
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Figure 7.1: Selected regions of interest (ROIs) for the RreliefF-based (red) and LSM-based (blue)
feature selection. The LSM-based ROIs are hemispherically asymmetrical and include regions
outside of the sub-cortical nuclei.

usefulness to select ROIs for stroke outcome prediction tasks seems rather limited. For these rea-

sons, and by applying the Occam’s razor principle in model selection, traditional feature selection

methods seem to be better suited for future research in stroke outcome prediction.

The proposed framework has a design advantage in comparison to the existing prognostic mod-

els of stroke outcome. A recent review on predictive models of stroke outcome [78] reports that: (i)

the target outcome of the predictive model is usually a categorized version of functional outcome1;

(ii) the variables used to model this score include prognostic parameters2 , stroke risk factors, and
1Examples include: the modi�ed Ranking Scale (mRS), NIHSS, Barthel Index, etc.
2Examples include: Pre-admission Comorbidities, Level of Consciousness, Age, and Neurological De�cit (PLAN);
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baseline stroke severity measured by the NIHSS scale. An obvious limitation is that classi�ca-

tion models predicting binarized functional outcome likely ignore the gradation of stroke severity

which is relevant information for stroke prognostication. Furthermore, the functional outcomes,

prognostic parameters, and the baseline severity measures may be strongly correlated resulting in

in�ated classi�cation accuracies. In the proposed work, both these limitations (loss of relevant in-

formation and collinearity) are addressed by employing the nested regression model. For instance,

since the 48-hour NIHSS is highly correlated with the 30-day NIHSS, it might bias the regression

model. Therefore, having a nested model that utilizes the short-term outcome to derive image-

based ROIs that in turn predict the long-term outcomes seems to be a promising way to reduce

the affects of collinearity. Furthermore, it is important to note that the results of different studies

describing predictive models are not comparable because of different sample sizes, different eval-

uation methods, different assessment time points, and different imaging time points. It is for this

reason the predictive model using clinical data only was included in this study only as a means of

baseline comparison.

One of the limitations of the proposed work is that the �ndings are population-speci�c and are

likely to change with the stroke cohort used (type of stroke and sample size), choice of parcellation

atlas, LSM technique, and / or training scheme employed. This study is also exploratory in the

sense that, subject to availability, the clinical descriptors included are a subset of all potential

stroke risk factors reported in the literature. The power calculations for using LSM in predictive

analysis has not been explored in this study. Additionally, the burden of pre-processing each patient

scan for registration, lesion segmentation, and feature computation is extensive. State-of-the-art

deep learning methods have the potential to use 3D MRI or CT scans (without lesion de�nitions)

and do not demand handcrafted image-based features and might not even need manual lesion

segmentations. Furthermore, the results of this study can be considered a relevant �rst step towards

building a computer-aided prognosis support tool using explainable machine learning methods.

Stroke Prognostication Using Age and National Institutes of Health Stroke Scale (SPAN); Totaled Health Risks in
Vascular Events (THRIVE), etc.
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However, the predictive accuracy of the models generated in this study need to be further improved

using additional datasets and should be evaluated prospectively using a completely independent

dataset.

An important recommendation for future work is to model stroke outcomes using ordinal re-

gression models, which can account for the relative ordering between two values in the NIHSS

scale. However, ordinal regression models are more complex and typically require the de�nition of

interval thresholds, which can either be derived from the training data or based on domain knowl-

edge. That said, the results described in this paper will generally hold true for ordinal regression

models as well. Con�rmatory research in this direction may also bene�t from investigating the util-

ity of convolutional neural networks without requiring lesion segmentation, to predict long-term

stroke outcome as an ordinal regression problem.

7.6 Conclusion

In summary, this study shows that combining clinical and imaging data leads to better stroke out-

come predictions compared to using clinical data alone. While lesion-symptom mapping is a

powerful neuroscience tool to investigate structure-function relationships in stroke patients, these

methods do not appear to have an additional bene�t for selecting brain regions important for stroke

outcome prediction compared to rather simple and data-driven feature selection methods.
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7.7 Supplemental Material

Table 7.3: Clinical parameters of patients in the two trials. *C: current, N: never, P: past. **T1:
Type 1 diabetes, T2: Type 2 diabetes, N: No diabetes.

Variable ESCAPE (N=143) iKNOW (N=78) Dataset (N=221)

Median Systolic blood pressure (IQR) 140mmHg (27) 140mmHg (20) 140mmHg (24)
Median Diastolic blood pressure (IQR) 80mmHg (23.5) 80mmHg (17.75) 80mmHg (20)
Median Hematocrit (IQR) 0.4% (0.05) 0.4% (0.13) 0.4% (0.08)
Median Glucose (IQR) 6.7mM (2.05) 0.74mM (10.35) 6.5mM (3.5)
Smoking* C=34,N=71,P=38 C=9,N=42,P=27 C=43,N=113,P=65
Hypertension Yes=92 Yes=52 Yes=144
Hyperlipidemia Yes=51 Yes=33 Yes=84
Diabetes** T1=17,T2=20,N=106 T1=5,T2=7,N=66 T1=22,T2=27,N=172
Atrial �brillation Yes=39 Yes=15 Yes=54

Figure 7.2: Overlap of all 221 lesions in the MIPLAB atlas space: brain regions that have the
maximum stroke incidence are around the sub-cortical nuclei and insular lobes.
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Figure 7.3: Median NIHSS total scores of the entire dataset (N=221) at three assessment time-
points.

Figure 7.4: Predicted versus ground truth plot for MLSM and MRELIEF models.
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Chapter 8

Thesis Discussion

The main objectives of this work were to improve the utility of lesion-symptom mapping tech-

niques, propose novel image-based biomarkers of structural integrity post-stroke, and employ

lesion-symptom mapping into regression models of long-term stroke outcomes.

8.1 Major Contributions

The main contributions of this work are as follows:

1. Multi-modal brain atlas.

A high-resolution FLAIR-NCCT brain template of the elderly developed using low-

resolution clinical data is presented. This template is not only useful in stroke

research but is useful for any neuroimaging research discipline that investigates

pathologies that onset in aging populations. To the best of my knowledge, this

is the only common multi-modal template published using advanced topography-

preserved techniques for spatial normalization. The general approach could be used

to generate more atlases using other low-resolution imaging datasets, e.g., quanti-

tative susceptibility mapping (QSM) or arterial spin labelling (ASL) MRI datasets.

2. Extensions to lesion-symptom mapping (LSM).

The proposed extensions to current LSM methods resulted in three major �ndings.
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First, it is shown that the regional importance of covariates can be estimated in a

regression setting. Second, there are more regions revealed by LSM using sub-

scores than using the total score alone. Third, it is shown that the regions identi�ed

by LSM using sub-scores of assessments acquired within 7 days after stroke onset1

already contain those regions that are identi�ed as critical using relatively tedious

assessments, generally assessed at six months after stroke onset.

3. White matter dissection.

A novel metric to quantify the cross-sectional integrity of white matter tracts post-

stroke is proposed. This is achieved by adapting a well-known representation of

images, distance transforms, to white matter tracts. This solution is an advancement

over existing tract integrity methods in that the computations are done in 3D and in

a voxel-wise manner as opposed to the 2D approaches reported in literature to date.

4. Integration of LSM to machine learning.

A comparison of two approaches for nested regression modelling of stroke outcome

is presented. The results show that both lesion-symptom mapping and standard ma-

chine learning based feature selection methods have comparable utility for selecting

regions-of-interest required for modelling long-term stroke outcomes. To the best

of my knowledge, this is the �rst nested modelling approach that utilizes acute as-

sessments to identify critical brain regions and integrates the clinical presentation

to predict long-term stroke outcomes.
1Commonly available in clinical trials.
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8.2 Extending the utility of LSM

8.2.1 In�uence of brain template

The general lack of single modality training data and the added low statistical power of LSMs

motivated the development of a common multi-modal brain template for the elderly population.

Given the diagnostic imaging modalities typically used for stroke follow-up assessment (see sub-

section 2.1.3), the need for a FLAIR-NCCT atlas was identi�ed, which enables the joint analysis

of post-treatment MRI and CT scans. The main �nding from this work (described in detail in chap-

ter 3) is that it is possible to create a high-resolution multi-modal brain atlas from low-resolution

clinical imaging. Registration-based interpolation approaches to enhance the low-resolution scans

in the z-axis ensure that the topology of brain structures is well preserved. In this work, the evolu-

tion of the group average through each iteration was assessed visually. Quantifying the sharpness

of the resulting brain atlas is possible using metrics such as the entropy information. Importantly,

this approach to atlas development can be employed to obtain high-resolution age-speci�c and

modality-speci�c templates across various pathologies, thereby contributing to neuroscience re-

search.

8.2.2 Relative importance of covariates

The review on LSM literature (see subsubsection 2.2.2.3) motivated the need to improve the un-

derstanding of the impact of factors that account for inter-patient variability on LSM analysis.

Previous LSM literature showed that the map of uncontrolled LSM analyses with only lesions

is substantially different from those resulting from controlled LSM analyses including covariates

[73]. However, the impact of each of the covariates, especially on a regional basis, was largely un-

explored. The main �nding described in chapter 4 is that each covariate shows distinctive pattern

of importance in the brain. The resulting individual importance maps for each covariate have the

potential to indicate the extent of variability they explain in an LSM map. An important considera-
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tion to make prior to the clinical inference is that not only the magnitude of in�uence (as accounted

for in this work), but also the direction of the correlation (positive or negative) is equally informa-

tive. Future research in this area is encouraged to investigate the effect of covariates accounting

for the direction and interaction effects of the covariates in LSM. While the selection of covariates

to include in such an analysis is largely exploratory, the general framework developed in this work

can be used for many voxel-based morphometric studies in neuroimaging research. As indicated in

a recent review on structural neuroimaging studies in patients with psychological outcomes [177],

the choice of covariates in�uences the relationships between brain structures and outcomes. The

authors of this review conclude that the inclusion of confounders has to be crucially examined

to ensure replicability. To this end, understanding the relative importance of covariates on a re-

gional basis certainly lays the foundation for an informed selection of nuisance variables across

exploratory neuroimaging studies. This general framework could be easily used for other imaging

modalities of interest in neuroscience research such as fMRI, QSM, or ASL.

8.2.3 Impact of outcome scores

Understanding the responsiveness and the potential limitations of stroke outcome scores (subsub-

section 2.1.4.2) in modelling lesion-de�cit relationships motivated the application of LSM beyond

utilizing the gross outcome scores. The main contribution described in chapter 5 from a technical

perspective is a generalizable framework to explore the ‘hidden’ structure-function relationships

of composite neurological assessments. In this work, two different ways to categorize a given

composite score have been explored (among many other possibilities). This includes grouping the

sub-scores either by behavioural domains or by commonly co-occurring de�cits. In either case,

it is evident that category-speci�c structure-function relationships are capable to tease out subtle

relationships that may not be revealed when using gross total scores. The more clinically relevant

�nding is that some of the brain-behaviour relationships that typically required comprehensive as-

sessments performed at six months after stroke or later can be partially uncovered at a much earlier

stage prior to patient discharge. This understanding has a direct impact on patient-speci�c reha-
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bilitation. In particular, improving the speci�city of LSM studies in this manner has the potential

to prioritize functional de�cits that require consistent rehabilitative interventions and improve the

likelihood of patient re-integration. In research, the applicability of such frameworks has the po-

tential to motivate advancements in the LSM community that are capable of de�ning hierarchical

lesion-de�cit relationships. Furthermore, in neuroscience research, this framework can be used to

uncover hidden brain-behaviour relationships in other neurological disorders (e.g., with respect to

the Montreal cognitive assessment in patients with dementia).

8.3 Predictive modelling of long-term stroke outcomes

8.3.1 Quanti�cation of WM insult

A review of the previously published image-based biomarkers of stroke using structural imaging

(see subsubsection 2.3.3.1) clearly revealed that the involvement of WM tracts is understudied and

motivated the development of a method to quantify the cross-sectional width of individual tracts

before and after the lesion. The main �nding described in chapter 6 is that this biomarker can

improve predictive models of long-term stroke outcomes. Although computationally expensive,

the application of distance transforms to measure tract integrity in a 3D, voxel-wise manner can be

extended to DTI-based probabilistic maps of WM bundles, which are used for many neuroscience

research projects of several diseases. One important consideration from this work that is applicable

to feature engineering is that not only do features have to be clinically relevant, but they should also

be complementary to the set of existing features used to describe a subject in the training data2.

These resulting metrics of structural integrity could even be used in graph-based representations of

the brain (see subsection 8.5.1) and computation of corresponding graph metrics on which further

machine learning or deep learning algorithms can be trained for outcome prediction.
2Biomarkers that are highly correlated with features that are rather simple to compute, have minor relevance so far

as machine learning is concerned.
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8.3.2 Nested modelling of outcomes

The overarching goal of this research work was to develop regression models of stroke outcome

(subsection 2.3.4). The main �nding described in chapter 7 is that it is possible to employ nested

regression models to integrate image-based features and clinical parameters in a predictive model

of stroke outcome. The important consideration to note is that regions of interest in the brain (re-

gardless of how they are computed) are best identi�ed with respect to short-term outcomes, and

subsequently used to predict long-term stroke outcomes. The main advantage of this nested ap-

proach is that comorbidities unrelated to stroke do not contribute to the de�nition of brain regions

that are critical to stroke-induced behavioural de�cits. Furthermore, even in the context of re-

gression, adding image-based biomarkers of stroke insult resulted in an improvement of predictive

accuracy in comparison to the baseline model that only used clinical information. The results also

indicate that machine learning based solutions to feature selection perform on par the traditional

statistical analysis in neuroimaging. This suggests and encourages studies that only utilize features

obtained from domain knowledge (pathophysiology, risk factors of a given neurological condi-

tion) to also rely on machine-derived features obtained from non-linear pattern recognition. The

ideal clinical use case of such predictive models would then be to identify, in an objective manner,

the input features that mostly contribute to the �nal prediction. These predictions, at best, may

complement the subjective expertise of a clinician or strengthen a clinicians’ con�dence in their

decision toward patient management. Generally, this nested modelling approach can be applied

to predict impairments (e.g., cognitive) of any neurological disorder (e.g., dementia), which has

indicators of disease onset (e.g., change in cortical thickness) at an earlier imaging timepoint.

8.4 Limitations

The limitations of the proposed research work can be broadly classi�ed into possible technical

improvements speci�c to the methodical developments described in this thesis, and the more gen-

eral conceptual limitations in the �eld of computational medicine for acute ischemic stroke. The
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following subsections detail both, the technical and conceptual limitations.

8.4.1 Technical limitations

8.4.1.1 Pre-processing burden

A major obstacle to reproducing the results of this research (as in any neuroimaging research) is the

burden of pre-processing the imaging data. For this work, data was pooled from multiple clinical

trials each of which differed in their end-point assessments, set of clinical parameters collected,

and the timepoints of assessments. Nonetheless, data from each trial has been visually assessed

multiple times as quality control during data collection, assessing ef�cacy of skull-stripping, and

checking the reliability of registration. The most tedious, time consuming, yet important aspect of

pre-processing is the lesion segmentation. Lesions on the follow-up scans were manually traced3

using the acute DWI scans as reference (when available). This is an excellent motivation for

developing deep-learning methods that automatically segment lesions in follow-up FLAIR [178]

and NCCT [179] data in a more reproducible way without incurring observer bias.

8.4.1.2 Data-speci�c �ndings

The results presented in this work are largely population-speci�c4 and in�uenced by the choice

of brain atlases employed. Since data used in this research was pooled retrospectively from trials

that investigated treatment ef�cacy in a majority of patients with anterior circulation stroke, these

�ndings are speci�c to lesions in the middle cerebral artery5 branching off the internal carotid

artery. That is, change in the distribution of lesions in the training data will most de�nitely result in

some change in the �ndings of neural correlates (in LSM) and therefore also change the important

clinical and imaging features that contribute to outcome prediction.

One way to ameliorate some of these effects would be to include a large cohort of patients with

acute ischemic strokes without applying any selection criteria such that patients with varying lesion
3The average time to segment and clean one lesion mask was 15 minutes approximately.
4This is true for almost all data-driven solutions.
5The MCA territory has the largest real estate in the brain and accounts for nearly 70% of all ischemic strokes.
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distributions including posterior circulatory insults are included. Another way to improve the

generalizability of these data-driven solutions is to train the machine learning model in a distributed

manner avoiding the painstaking need to create and maintain a centralized data repository [180].

8.4.1.3 Lack of causal inference

Despite the use of machine learning and advanced statistical learning methods, the �ndings of this

research are not causal in nature. These results are, at best, indicative of the non-linear patterns

of association among the image-based and clinical risk factors of stroke. Therefore, the decision

support system envisioned as a consequence of this research cannot be used to infer causal rela-

tionships of lesions and behavioural de�cits. However, this would be possible by incorporating

dynamic causal models and Bayesian inference [181] for de�ning lesion-symptom relationships.

8.4.2 Conceptual limitations

8.4.2.1 Spatial bias

As discussed in subsection 2.2.2, LSM methods assume that the spatial distribution of lesions is

random, i.e., the probability of a voxel being lesioned is uniform [182]. However, this is not entirely

true - the anatomical, vascular, or the psycho-physiological factors6 result in parts of the brain to

be differently susceptible to a stroke related injury [35]. Furthermore, there is no true one-to-one

correspondence of specialized regions of the brain (say language or vision) across all subjects in

a given dataset. Structurally, these regions are likely to be located in the same neighbourhood

(give or take a couple millimetres), but never match exactly. This localization assumption also

introduces a spatial bias in the lesion to de�cit mapping task, but is regarded as a necessary evil

across all disciplines of neuroimaging research.

8.4.2.2 Partial injury problem

One of the main causes of low statistical power in LSM methods, and inter-patient variability for

predictive modelling is the so-called partial injury problem (see subsubsection 2.2.2.3). Essentially,
6Relationships between mind and body.
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the partial injury problem is often observed in large functional modules of the brain. Considering

the functional architecture of the brain, a stroke might have affected a small region (i.e., partial

injury) of a large module, yet resulting in behavioural de�cits that can be measured with clinical

outcome scores [46]. Another sub-region of this large functional module, if injured, may or may

not result in the same de�cit, even though these two sub-regions are mutually exclusive. If both

sub-regions result in the same behavioural impairment, then from a statistical standpoint, iden-

tifying brain regions critical for a given task is subject to falsity. The contrary is also true, in

that, sub-regions of two mutually exclusive functional modules in the brain may result in the same

impairment. This partial injury effect poses a non-linear challenge to resolve this complex inter-

action of regions, not only within a functional module, but also between two functional modules.

While it reduces the statistical power of LSM studies, this effect challenges the extent to which

this highly complex, possibly hierarchical, and non-linear variability can be captured during the

training process of the traditional machine learning methods.

8.4.2.3 Diaschisis effects

In the connectionist view, the various processing grey matter ‘nodes’ of the brain are connected by

the conducting pathways constituted by white-matter bundles. Insult to one brain region not only

affects the specialized function at that local region, but also hinders the functioning of remotely

connected brain regions. This is known as the diaschisis effect and is more pronounced in brain

regions that constitute the rich-club [86, 132] nodes i.e., densely connected brain regions (i.e.,

neurocortical hubs) that play an essential role in the global integration of information for executive

functions7. The current LSM setups (even the multivoxel techniques) are not inclusive of the

probabilistic functional insults to brain regions remote to the site of injury. A clear distinction

between the structural insult and the functional insult is necessary. Furthermore, computational

modules of the brain that can combine both of these aspects are required to comprehensively de�ne

lesion-de�cit relationships.
7Examples in the sub-cortical regions include the hippocampus, thalamus, and putamen. The precuneus, the supe-

rior frontal and parietal cortex are identi�ed as rich-clubs in the cortical regions [133].
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8.4.3 Simpli�cations to note

The proposed research work makes a few simplifying assumptions that have to be acknowledged.

8.4.3.1 Joint analysis of CT and MRI

The sensitivity and speci�city of imaging methods (e.g. FLAIR MRI, DWI, NCCT) to detect

ischemic transformations in the brain are notably different even when acquired at the same time [4].

The implies that extents of the lesioned tissue as de�ned in the lesion mask,even when performed

by an experienced observer, can vary between imaging modalities. Although combining CT and

MRI data is a widely accepted means to improve the sample size of LSM studies [29] and serves

as the main motivation for the work described in chapter 3, it must be noted that this also ampli�es

the inter-patient variability with respect of volume of lesion. However, in this work, the reduced

variability has been accepted in favor of an improved sample size.

8.4.3.2 Partial volume effect

Throughout this work, the lesion mask is de�ned to be binary i.e., a voxel is considered to be

either healthy or infarcted. Strictly speaking, this is not true owing to partial volume effects - a

very common imaging artefact. Despite the improvements in image resolution (consider isotropic

1mm), not all of the tissue within a given voxel can be claimed (de�nitively) to be lesioned. This

oversimpli�cation may result in a small bias in voxel-wise neuroimaging analysis as identi�ed

in the fMRI literature [183]. The correction methods employed in fMRI and DTI neuroimaging

research [184, 185] are yet to be adapted to LSM studies since the clinical interpretation of LSM

�ndings are still at the level of brain regions.

8.4.3.3 Clinical trials inclusion criteria

In addition to the points discussed in subsubsection 8.4.1.2, another main source of bias from the

data stems from the inclusion criteria of clinical trials, which served as the main data source for this

work. This research mostly utilized retrospective datasets of stroke patients prospectively included

in the ESCAPE [76], iKNOW [45], or INTERRSECT [160] trials. Despite pooling data from
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multiple stroke trials, the datasets used to develop parts of this thesis are not representative of the

true acute ischemic stroke population. For instance, stroke patients with a severe language de�cit

may not be able to consent to be included into a clinical trial despite meeting the trial’s inclusion

criteria. Factors like these may skew the resulting data sample used in neuroimaging research

toward the patients with mild to moderate stroke severity. Therefore, the resulting �ndings cannot

be generalized to patient sub-populations with high severity of stroke.

8.5 Future work

The next logical step would be to combine the clinical outcome prediction framework proposed

in this work with tissue outcome prediction models [186, 187, 188] to build a comprehensive

diagnostic decision support tool for treatment decision making for acute ischemic stroke patients.

Thus, for new patients, it would be possible not only to predict the expected lesion outcome for a

given treatment but also the clinical outcome. This would enable to select the optimal treatment

for an individual patient based on the acute imaging and clinical information by comparing the

expected clinical outcomes. Additionally, within the context of clinical outcome prediction alone,

there are two potential research directions for the proposed computer-aided diagnostic support

framework for improving its clinical utility in acute stroke care, discussed in the following.

8.5.1 Brain graphs

The overall representation of the brain for a probabilistic causal modelling of stroke outcomes

would be possible by representing the brain as a graph [189, 190]. Here, both a structural architec-

ture and a functional architecture of the brain can be envisioned. For the structural network, each

grey matter structure can be represented as a node while white matter tracts can be the weighted

edges. The weight of a white matter edge can be determined by tract morphology (length, max-

imum cross sectional width, or a combination of the two). A lesion or insult to the structural

integrity of the brain can be re�ected as a change in the cross sectional width for the WM edges,
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and either a binary (alive or dead) indicator for the core region of the infarct, or a percentage of vol-

ume compromised post-stroke. Diagonal entries of the adjacency matrix can be utilized to denote

the lesion load in GM regions as node weights. Typically, this structural connection information

of the brain can be derived from diffusion tensor imaging [191].

Contrary to this, the functional representation of the brain is likely to mimic the connectome

based representations derived as a result of resting-state functional MRI [192]. A step toward

incorporating these connectome-based data into LSM has been piloted [193] showing that this

connectome-based LSM establishes a statistical relationship between brain regions. While graph-

based methods are widely used in functional neuroimaging [194, 195, 196], their adaptation to

stroke outcome prediction is fairly novel. It is possible to either calculate metrics of graph-

connectivity and employ those in machine learning models, or directly employ deep learning mod-

els to learn the non-linear patterns of correlation hidden in the graph-based representations of the

pathological brain.

8.5.2 Deep learning

The recent years have seen an upsurge in deep-learning based solutions in computational neuro-

science for stroke outcome prediction. Brie�y described, a neural network is a set of computing

‘neurons’ that are organized in a manner that mimics how the human brain works. Starting with the

input ‘layer’ of neurons, there are several ‘hidden layers’ that �nally connect to the output layer.

Each hidden layer of the neural network comprises of several of these arti�cial neurons, each op-

erating on the sum of all neuronal ‘activations’ (here, the signal) received from a previous ‘hidden

layer’. Finally, the last layer, also known as the output layer, determines the output for the clas-

si�cation / regression task. During model training, errors in the decision of the network are back

propagated until the network learns the task on the training data. The �nal weights of the edges

connecting each neuron to the others are then used on unseen test data to arrive at a prediction.

Such simple arti�cial neural networks (ANN) that attempt to identify non-linear patterns in train-

ing data have shown to outperform other machine learning methods in stroke outcome prediction
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using categorical, binary, and numeric data alone [197].

Convolutional neural networks (CNN) are extensions of these ANN networks that are capable

of operating on image data directly, thereby bypassing the need to engineer hand-crafted input

features, and have been successfully employed in tissue outcome prediction [198] and lesion seg-

mentation [178, 199]. For the prediction of functional outcomes in stroke, shallow and deep CNN

architectures have been proposed that operate on imaging data [200] directly and also fusing the

images and clinical information [201, 202]. In [200], ResNet8 is used to initialize the weights of

the CNN architecture for the binary classi�cation task to predict favourable patient outcome (mRS

� 2) at 90-days using CTA data. The �rst approach to fuse clinical and imaging data has been

made possible by the joint training of a simple shallow ANN and CNN respectively, and merging

the weights from both ‘branches’ within one monolithic network layer that �nally resulted in the

binary decision for favourable outcome [201]. Another advancement of this data fusion approach

incorporates the squeeze excitation networks from computer vision to force the CNN to implicitly

learn clinically relevant image-derived features [202]. It must be noted that these deep learning

solutions proposed operate on large amounts of training data (in the thousands) and are limited

to the binary classi�cation task. Since they all attempt to predict favourable outcome at 90-days,

their utility to derive neural correlates of stroke-induced behavioural de�cit is limited. Nonethe-

less, from a technical standpoint, the deep learning solutions for tissue outcome prediction, lesion

segmentation, feature synthesis, and data fusion lay the foundation to build predicitve models of

stroke outcomes by operating on image data directly and minimizing user intervention. Further-

more, recent advances in explainable arti�cial intelligence for radiology [203, 204, 205] can allow

one to explore how the so-called ‘black-box’ CNNs arrived at a certain decision using saliency

maps and disentangled learning [206] techniques.
8A popular CNN architecture in the computer vision and medical image analysis community.
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8.6 Conclusion

This thesis presents advancements to the lesion-symptom mapping literature and also lays the foun-

dation to build regression models of long-term stroke outcome by utilizing post-treatment imaging

and clinical information. As a �rst step, a high resolution multi-modal age-speci�c brain template

from low-resolution clinical scans of the healthy elderly was developed. This allowed patients

with MRI or CT follow-up imaging to be transformed to a common atlas space for LSM analysis.

Standard LSM analysis identi�es the regions of the brain that are critically associated to the stroke

induced de�cit of interest on a population-level. To improve the interpretation of LSM results,

the relative importance of covariates to the presence of a lesion at a particular voxel location was

quanti�ed. To extend the utility of LSM, sub-scores of clinical outcomes were employed reveal-

ing the subtle category-speci�c structure-function relationships. These methodical advances to the

existing LSM techniques improve the current utility of the LSM in understanding brain-behaviour

relationships and indicate where in the brain must one focus to build a predictive model of stroke

outcome. The next step was to discern how to quantify lesion burden in these regions. Grey mat-

ter lesion burden was assessed by calculating the region-wise percentage of irreversible damage.

However, image analysis methods to quantify the cross-sectional width of white matter tracts in

3D was employed to infer the amount of tract spared for signal conduction after the stroke. With

the regions of interest and the metrics of lesion burden identi�ed, the predictive model of stroke

outcomes was engineered using both clinical and image-derived information. Within this context,

it was observed that standard machine learning based feature selection also reveals clinically rele-

vant features, as in the case of LSM, but has the potential to perform better in predicting clinical

outcome. Future work in this direction can either utilize advanced graph-based representations

or involve deep learning approaches that demand fewer user inputs and are capable of implicitly

modelling the long-term stroke outcome.
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