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Abstract 

 Transient ischemic attacks (TIA) are a substantial risk factor for ischemic stroke, but have been 

widely regarded as minor perturbations to the function of the central nervous system that leave little to no 

lasting impact on their own. However, in the last 20 years there has been a growing acceptance, that 

independent of increased risk of stroke, TIA can lead to neurological consequences that far outlast the 

previously prescribed symptom resolution window of 24 hours. The understanding of these deficits has 

been accelerated by the application of various technological approaches. Robotic assessment systems have 

been widely used to characterize neurological deficits arising from multiple sclerosis, Parkinson’s disease, 

and stroke. Their ability to measure motor behaviour precisely and reliably makes them ideal candidates to 

understand how TIA affects behaviour, and  differs from other clinical conditions. In this thesis, the Kinarm 

robotic assessment system is used to characterize neurological deficits in people who have been diagnosed 

with TIA, and to understand how neurological deficits associated with TIA evolve over time.  

 The objectives of this thesis were to: 1) characterize neurological deficits associated with TIA, and 

2) describe change over time in impairments associated with TIA. It was demonstrated that approximately 

one third of individuals diagnosed with TIA displayed unexpected deficits in tests of motor ability, and up 

to half displayed impairments on tests of cognitive-motor integration. One-class, machine learning was then 

used for detecting abnormal behavioural patterns, and the performance of this approach was compared to 

our approach of statistically aggregating Kinarm task variables. The one-class approach led to fair detection 

of abnormal behavioural patterns, with the best model performance shown in tasks testing cognitive-motor 

integration (area under the receiver operating characteristic ~ 0.65), similar to the previous approach. In 

order to lay the groundwork for characterizing change over time, a statistical framework was provided for 

capturing changes in Kinarm robotic assessment performance after repeat tests. Finally, it was demonstrated 

that in people diagnosed with TIA the evolution of behavioural ability displays varying patterns; 

approximately 1/10 had perseveration of motor- and cognitive impairments for up to 1 year beyond 

symptom resolution. Together, these findings suggest that TIA is associated with lasting neurological 
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impairments. The approaches outlined in this thesis may help pave the way for the identification of sensitive 

and specific behavioural biomarkers that could assist with the detection of TIA in clinically relevant 

settings. 
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Chapter 1 

Introduction 

 

1. Introduction 

1.1 Stroke & transient ischaemic attack (TIA) 

1.1.1 History, demographics, and clinical practice 

Transient ischemic attack (TIA) and stroke are two fundamentally related 

pathological states typically caused by temporary disruption of blood supply to the brain. 

Approximately 87% of strokes are ischemic (i.e. they involve blockage of blood supply to 

the brain), whereas the remaining 13% are hemorrhagic (i.e. they are the result of a ruptured 

blood vessel) (1). Definitions of TIA have changed throughout the 20th and 21st centuries. 

The first definition was ‘time-based’; a TIA was simply transient and focal neurological 

symptoms that resolved on their own in <24 hours. A Reversible Ischemic Neurological 

Deficit (RIND) was defined as symptoms that lasted more than 24 hours and less than 

twenty-one days. Finally, a stroke was defined as symptoms that did not spontaneously 

resolve (2). RIND is no longer a clinical diagnosis (3), and the widespread adoption of 

computed tomography (CT) further obviated the need for a distinction between RIND and 

stroke (4). The clinical adoption of magnetic resonance imaging (MRI) in the 1990s further 

blurred the distinction between the traditional definition of TIA and that of stroke. Thus, 

shifts in technology have driven improvements in detection and delineation of 

cerebrovascular disorders. 

CT- and MRI-based techniques have been used to shed light on the inadequacy of 

the time-based TIA definition, and have caused us to change our perspective on what 
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constitutes a true TIA. It was found that approximately half of individuals diagnosed with 

TIA using time-based criteria or lack of a lesion on CT had a lesion on diffusion-weighted 

MRI (DWI), and therefore had minor strokes instead of TIA (5,6). Today, we recognize 

that TIA should be defined as transient neurological symptoms of suspected vascular origin 

that resolve in quickly (typically in <1 hour) and that leave no evidence of injury to the 

brain using CT or MRI when the latter is available (7,8).  

TIA is a relatively common neurological event that leads to a significantly 

increased risk of stroke and can be challenging to identify in a clinical setting. Each year 

in Canada, approximately 62,000 individuals experience either a stroke or TIA (9), and 

TIA itself poses a substantial risk of subsequent stroke (10), typically on the order of 2 to 

17% within 90 days, with approximately half of the risk incurred within the first 7 days 

(11–14). Several factors are correlated with an increased risk of developing stroke after 

TIA, such as hyperglycemia and evidence of a relevant vascular lesion on noncontrast CT 

and CT angiography (CTA), among many others (15,16). Estimates of stroke recurrence 

are quite heterogeneous, and are influenced by many clinical or methodological factors 

such as whether case ascertainment is active or passive, and whether TIA was an index 

event or was itself recurrent, among others (12). Acute detection and differential diagnosis 

of TIA is challenging. Current Canadian best practice recommendations for suspected 

acute stroke and TIA management recommend the use of any of several investigative tools 

immediately upon presentation in hospital (17). These include non-contrast CT (NCCT) or 

magnetic resonance imaging (MRI). It is important to identify “high-risk” TIA, i.e. those 

that are more likely to lead to stroke; they are typically characterized by symptoms such as 

unilateral weakness, speech disturbance, or visual symptoms (17). It is additionally 
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important to differentiate TIA from its clinical mimics. For example, TIA is frequently 

confused with clinical mimics such as migraine and seizures (18). Early and accurate 

determination of the nature of transient neurological symptoms and the risk of stroke is of 

crucial clinical importance. Aggressive early intervention can dramatically reduce the risk 

of subsequent stroke after a TIA (19,20); however, this depends on rapid and accurate 

detection of TIA in the first place.  

The traditional and new clinical definitions of TIA associated no lasting deficits to 

this condition. However, there is substantial emerging evidence that TIA could have broad 

effects on the brain that could substantially outlast the duration of clinically relevant 

symptoms (21). In the following section, the potential injury to the brain following stroke 

and TIA will be explored.  

1.1.2 Pathophysiology and effects on the brain  

TIA and ischemic stroke are both the product of disrupted blood flow to the brain, 

which causes varying degrees of parenchymal injury depending on the extent of local blood 

flow reduction. There is substantial emerging literature on the molecular and cellular 

effects of stroke in the brain; however, the same cannot yet be said for TIA. Ischemic stroke 

primarily leads to the development of two distinct regions of tissue injury: the ischemic 

core (infarcted tissue that will remain damaged upon reperfusion), and the ischemic 

penumbra (the tissue around the core which can remain viable if reperfusion is established) 

(22,23). The former is the region of brain tissue that experiences the severest reduction in 

blood flow, whereas the penumbra experiences less severe restriction of blood supply 

(24,25). The core is dominated by necrosis, i.e. metabolic failure, whereas the penumbra 

has a higher proportion of neurons undergoing apoptosis, i.e. programmed cell death (26). 
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Recent work has provided direct in-vivo support of penumbral growth in humans (27). 

Inflammatory modulators and other markers of cellular injury can influence the evolution 

of stroke-related injury to the brain. The penumbra contains several proinflammatory 

factors such as tumour necrosis factor α (TNF-α) and interleukin-6 (IL-6) (28,29). 

Glutamate levels are also elevated in the penumbra and, along with IL-6, these can 

contribute to DWI lesion growth (29). Receptor antagonists against proinflammatory IL-1 

can potentially reduce infarct size and improve outcomes in human stroke, however more 

in-depth work will be required to explore mechanisms underpinning these effects (30,31). 

Elevated TNF-α and IL-6 may even indicate a greater chance of recurrent stroke after TIA 

or stroke (32). Some new evidence also highlights the potential for TIA to cause changes 

at a molecular or cellular level to the brain. For example, recent work has identified 

vascular cell adhesion molecule-1 (VCAM-1) and p-selectin as markers of endothelial 

activation in TIA (33). Additionally, elevated peripheral neutrophil and monocyte counts 

(34), and a lower neutrophil/lymphocyte ratio, may be specific markers of TIA compared 

to stroke (35). Much additional work is required to elucidate the role of cellular and 

molecular markers in the causal chain of events preceding or following a TIA.  

Stroke leads to a variety of impairments that manifest at the individual circuit and 

system level (36), which can be detected by quantifying structural and functional 

connectivity. The same techniques have been more recently used to analyze the effects of 

TIA on brain systems and circuits as well. A study of 46 patients with subacute subcortical 

stroke demonstrated elevated ipsilesional primary motor cortex (M1) excitability that was 

associated with better performance on clinical assessments of motor ability (37). Another 

study of people with chronic stroke demonstrated reduced ipsilesional intracortical 
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excitability and also reduced interhemispheric inhibition (38). Recent work has identified 

that people diagnosed with TIA (who presented with motor symptoms) can also have 

reduced primary motor cortex (M1) intracortical inhibition (ICI) and elevated M1 

intracortical facilitation (ICF) selectively in the affected hemisphere. These are both 

indicative of increased M1 excitability as has been observed after stroke (39,40). In chronic 

stroke patients, FA of the ipsilesional posterior limb of the internal capsule was correlated 

significantly with improved motor function (41,42). Furthermore, the normalization of low 

FA (a marker of injury to axons) in brain regions affected by stroke is related to recovery 

(43). Attentional and cognitive circuits can also be affected by stroke. Patients with chronic 

stroke in the right hemisphere with visual neglect on the left side can have disrupted FA of 

the right inferior frontal gyrus (IFG) and the right anterior limb of the internal capsule (44), 

in agreement with observations of damage to frontoparietal and occipital networks after 

stroke (45). Additionally, WM hyperintensities (WMHs; markers of WM injury) have been 

detected in some stroke patients and were associated with cognitive deficits after stroke 

(46). Cognitive impairment after TIA or minor stroke has been identified, and found to 

relate to reduced FA and periventricular WMH (47,48). GM injury in nodes of the default 

mode network (DMN) has been observed in people diagnosed with TIA (49). Another 

study of people diagnosed with TIA who presented with motor symptoms identified that 

patients had low fractional anisotropy (FA) in the anterior thalamic radiations and 

corticospinal tract (CST) in the affected hemisphere, which normalized after 90 days (50). 

Thus, both stroke and TIA can lead to changes to the brain that affect areas beyond those 

involved directly with the ischemic injury. These findings of functional deficits at a brain-

circuit level in people diagnosed with TIA collectively suggest that TIA may share several 
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lasting impacts on brain functionality with stroke. However, clinical practice still relies 

upon traditional assessment techniques to quantify the effects of neurological injury on a 

patient. The next section will review these assessment systems as well as provide brief 

descriptions of their strengths and weaknesses.   

1.1.3 Traditional clinical assessments and their limitations 

Assessment of cerebrovascular disorders has a long and storied past; stroke was 

potentially first recognized by Galen (131-201 CE) in Imperial Rome, as least as far as 

extant records indicate (51); in the intervening millennia, considerable progress has been 

made in our understanding of the pathophysiology of cerebrovascular disorders and their 

effects on those who experience them. Since cerebrovascular disorders were first truly 

delineated in modern times (2), there have been many attempts to capture impairment, 

disability, and handicap caused by stroke. These three terms, as defined by the World 

Health Organization in the International Classification of Impairment, Disability and 

Handicap (ICIDH) (52) encompass: 1. Dysfunction in a specific system or organ 

(impairment); 2. Reduced capacity to perform activities of daily life resulting from an 

impairment (disability); and 3. Social or societal penalties arising from disability or 

impairment (handicap). In following sections, the discussion will focus on impairment 

scales, as discussions of disability and handicap are too far removed from the general topic 

of this thesis and are not studied to a great degree in people diagnosed with TIA. Various 

clinical tools have been developed to help clinicians understand impairment, disability, and 

handicap in stroke patients. The last two decades have also seen an increased focus on 

developing clinical assessment specifically for TIA; however, these are still largely limited 

to stroke risk prognostication and clinical diagnostic criteria.  
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There are several approaches to quantifying sensorimotor and cognitive (including 

executive functions and attentional domains)  impairments after stroke. The National 

Institutes of Health Stroke Scale (53) is one of the most commonly-used clinical 

assessments for stroke. The modern version consists of 13 items spanning cognitive, 

sensory, and motor domains (54). The Action Research Arm Test (ARAT) (55) and Fugl-

Meyer Assessment (FMA), and Chedoke-McMaster Stroke Assessment (CMSA) (56) are 

also frequently used to quantify motor impairments after stroke. Generally, each test 

requires performance of a series of motor tasks and performance on each scale item 

corresponds to points towards a total score. Commonly used clinical cognitive assessment 

scales in stroke are the mini-mental state examination (MMSE) and the Montreal Cognitive 

Assessment (MoCA). The MMSE is very simple to complete, and so has little use in 

individuals with milder impairments. The MoCA is primarily used as a screen for mild 

cognitive impairment. The risk of depression, obstructive sleep apnea (OSA), and cognitive 

impairment (DOC) screen (57) was recently developed as a tool that can be quickly 

administered to predict the risk of multiple adverse outcomes after stroke.  

Existing clinical assessment systems have two primary favourable properties. The 

first is brevity; some systems like the DOC screen can be administered in ~5 minutes and 

can predict well the risk of depression, OSA, and cognitive deficits. Other tests such as the 

MoCA can be administered in ~10 minutes and contain multiple subscores that can 

describe impairments in specific areas of cognition. Motor-oriented tests with more items 

such as the ARAT take ~20 minutes to complete and assess 19 different inventories (58). 

The items on these scales are also quite interpretable, by necessity: for example, the ability 
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to remember sequences of words in the MoCA is necessarily related to the everyday 

problems that patients may face with recalling specific semantic information.  

Traditional clinical scoring systems also possess some unfavourable properties that 

limit their specificity to given neurological deficits, as well as prominent floor- and ceiling 

effects. For example, there are often several ways to attain a given numerical score on each 

clinical test. For example, if the NIHSS has 13 items each having 1-point increments, then 

that means that there are 13 ways to get a score of 1. This can encompass domains such as 

“limb ataxia”, “extraocular drift”, “partial loss of consciousness”, “mild to moderate 

aphasia”, and others. Clearly, these do not all belong to the same functional domains. This 

limitation prevents a truly objective assessment of the effect of cerebrovascular disease on 

the patient. Another important limitation of traditional clinical scoring systems is that they 

frequently demonstrate floor- and ceiling effects. For example, the NIHSS suffers from a 

floor effect for patients with less clinically overt symptoms (59) and is not very sensitive 

to change (60). The ARAT has modest floor- and ceiling effects (61) and has a minimal 

clinically important difference of ±5.7 points out of 57 possible points (62). The FMA has 

a substantial ceiling effect with moderate responsiveness (63). However, the interrater 

reliability (IRR) of these three motor impairment scales is generally very good (56,64,65). 

In terms of cognitive assessments, both the MMSE and the MoCA possess ceiling effects, 

although that for the MoCA is less substantial than that for the MMSE. A 2011 study 

reported that the threshold for mild cognitive impairment on the MoCA in a large, 

demographically diverse population in the Southern United States was 23/30 points (66). 

This is lower than the threshold of 26 points established by the MoCA’s creators in 2005 

(67), although the populations tested were markedly different.  
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There are very few clinical scales associated specifically with TIA and those that 

exist emphasize risk prediction. The most commonly used systems are those that attempt 

to predict the risk of recurrent cerebrovascular events (i.e. stroke or another TIA). The 

ABCD2 (Age, Blood pressure, Clinical features of TIA, Duration of symptoms, history of 

Diabetes) (68) is commonly used in a clinical setting for this purpose. Scores ≥4 indicate 

an elevated risk of a recurrent event (11,69). Modified versions of the ABCD2, such as the 

ABCD2-I (ABCD2 plus carotid Imaging) (70) and ABCD3-I (ABCD2-I plus Dual [second] 

TIA) (71) have also been developed. However, the combined sensitivity and specificity for 

identifying high-risk TIA has been found to be quite poor for various derivations of the 

ABCD (72,73). They also have generally poor IRR owing to fluctuation over time in health 

status from admission (e.g. blood pressure variation). This leads to poor inter-rater 

agreement (measured with Cohen’s κ) of κ < 0.30 for overall score and risk category. 

Additionally, κ values are only moderate clinical features and symptom duration (κ = 0.55 

and κ = 0.48, respectively) (74). The DOT-TIA score is a web-based diagnostic tool with 

good validity using age, hypertension, atrial fibrillation, and others as factors (75). It may 

perform better than the Dawson TIA score that also uses a list of comorbidities to assign a 

likelihood of having experienced a TIA (76). Both DOT-TIA and the Dawson score were 

developed using a stepwise multiple logistic regression approach and both systems have 

good sensitivity of up to 97%, but poor specificity of as low as 24%.  

The limitations associated with traditional clinical scoring systems in TIA and 

stroke highlight the need for sensitive and specific biomarkers of neurological impairment. 

The following section will describe the use of robotic assessment techniques in the 

assessment of people who have had stroke or TIA.  
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1.2 Robotics for assessment of the upper limb 

Traditional clinical assessment tools and techniques have been used successfully 

for decades to understand impairments in neurological disease. However, they have 

limitations; standard clinical tools tend to be coarse, often have floor/ceiling effects, and 

poor sensitivity to change (77). Systems that make use of technology such as robotics can 

overcome floor and ceiling effects and provide data repeatably without having to sacrifice 

measurement sensitivity (78,79). Although robotics is becoming widely accepted as tools 

for assessment across many neurological disorders, the present focus will be on TIA and 

stroke. Although stroke has far-reaching consequences for affected individuals spanning 

multiple functional domains, the reviews of assessment and rehabilitation approaches that 

follow will be biased towards the motor domain of the upper limb. This focus stems from 

the importance of upper limb motor ability to the performance of activities of daily life 

(ADLs). It is important to bear in mind for the following discussion that robotic assessment 

techniques are far from ready for “clinical prime time”; that is, there is much work yet to 

be done to refine the application of robotics to detect sensitive and specific markers of 

neurological injury after stroke and TIA.   

Many approaches exist for quantifying neurological dysfunction in clinical practice 

and research, and yet the current gold standard tools suffer many shortcomings; robotic 

technologies offer promising ways to address the limitations of traditional clinical 

assessments. Diverse robotic tools exist for measuring upper and lower limb performance, 

although they typically embody one of two formats: endpoint-type devices, and 

exoskeleton-type devices. Endpoint robots simply have the user apply force to a simple 

effector, either using the hand or the foot. The primary advantage of the endpoint approach 
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is its very straightforward setup procedure. However, when using an endpoint device, the 

position of each of the joints is indeterminate and the operator cannot apply forces to 

specific joints. Furthermore, the usual requirement of endpoint devices that the participant 

supports the weight of their limb(s) for prolonged periods can be a major limitation, 

particularly in stroke where weakness is a common effect. Conversely, the ability to apply 

forces to - or measure directly from - individual joints is the primary advantage of 

exoskeleton robots. Exoskeleton robots also provide weight support of the limb(s). 

However, exoskeleton robots typically require longer setup times. Robotic tools allow the 

derivation of kinetic and kinematic measures to describe movement. Kinetic features are 

those that cause motion; for example, forces or torques, whereas kinematics are the results 

of kinetics applied to a body or mass; for example, velocity or acceleration.  

The study of motor impairment after stroke has been greatly enhanced by robotic 

technologies that can capture very specific aspects of behaviour. Commonly, a variety of 

spatial and temporal features of movement are captured such as movement time, velocity, 

range of motion, acceleration, movement smoothness, and more (80,81). The proliferation 

of specific movement characteristics that robotic assessments can measure has helped 

illuminate various aspects of movement control that are affected by stroke.  

Movement impairments in both the ipsilesional and contralesional arm are well 

known to occur after stroke, and robot-based techniques have illuminated particular 

features of movement that are impaired. For example, stroke patients frequently experience 

contralesional impairments in generating the initial phase of reaching movements towards 

visual targets, that would normally consist of aiming the hand towards the target accurately, 

and then accelerating quickly (82). Additionally, stroke can lead to voluntary arm 
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movements having more corrective movements and sub-movements (i.e. distinct 

components of a larger movement that do not blend together well), both of which are 

indicators of impaired movement smoothness and impaired recovery of motor synergy 

(83,84). A relatively recent study identified that subacute stroke patients (i.e. between 2 

weeks and 6 months after stroke) can have bilateral upper-limb motor impairments, and 

that these impairments are more common after right-hemisphere stroke than left 

hemisphere stroke (85). Features of initial movement control and reaction times also tended 

to be worse in the ipsilesional arms of stroke patients with bilateral deficits as opposed to 

the ipsilesional arms of those with unilateral deficits (85), demonstrating the heterogeneity 

of deficits that can occur after stroke (indeed, that there are different strokes for different 

folks). Results from robotic assessments of upper limb motor behaviour after stroke often 

correlate well with classical measures of upper limb motor ability and skill, such as the 

WMFT and FMA (86).  

In addition to motor skill impairments, robotics have demonstrated that people who 

have had strokes can have proprioceptive deficits (87), and that proprioceptive deficits can 

be independent of motor deficits in a subset of stroke patients (88). Another study using 

the Kinarm has indicated that performance on motor and proprioceptive behavioural is 

somewhat related to CST integrity (89). Much remains to be done to understand the 

mechanisms that contribute to impaired position sense after stroke, and ways in which these 

deficits can be rehabilitated. 

Efforts to assess TIA using robotics have been limited (90), partly as a consequence 

of the recent realization that people diagnosed with TIA can have impairments in motor 

function. Future approaches to assessing TIA using robotics should emphasize not only 
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impairments, but also ways that impairments change over time, how impairments relate to 

the risk of recurrent cerebrovascular events, and how changes to the brain after TIA are 

related to changes in behaviour. Robotics provide a way to capture detailed information 

about deficits in specific behavioural domains that would otherwise escape detection in a 

clinical setting. However, they generate substantial amounts of data and it will likely be 

necessary to use a variety of statistical and machine learning tools to refine the processing 

of these data. The following sections will discuss statistical approaches for detecting 

change, and machine learning techniques for processing large volumes of data with the aim 

of quantifying the relationships between clinical outcomes and multivariate input data.  

1.3 Statistical measures of change in ability 

Robotic assessment tools are an incredibly precise means by which to understand 

behaviour. They can detect specific levels of ability with considerably greater fidelity than 

traditional clinical assessment tools. There is also a rich repertoire of statistical tools to 

understand agreement and reliability (91) to ensure that changes seen over repeated robotic 

assessments are significant and are not a consequence of greater precision in measurement. 

Here, a brief overview will be provided of these approaches, specifically in the context of 

two repeated assessments. Many of these techniques generalize to d repeat assessments, 

although these generalizations are not discussed in the interest of brevity.  

Three important concepts for understanding repeated measures are interrater 

reliability, intrarater reliability, and test-retest reliability. Interrater reliability simply 

quantifies variation in rating/scoring the same data more than once, with a different rater 

performing each rating. Intrarater reliability quantifies the ability of a given rater to assess 

the same data multiple times. Finally, test-retest reliability measures the variability of the 
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same subjects performing the same test multiple times (92). Generally speaking, there are 

also the related concepts of reliability and agreement (91). Reliability refers to the ability 

of a measure to distinguish between individuals; that is, given a set of n individuals, a 

reliable test would rank them the same if performed again by the same individuals. 

Interrater and intrarater reliability therefore each refer to different facets of the reliability 

paradigm. Agreement, on the other hand, not only requires the same ranking of individuals 

after repeated testing, but also the same absolute scores. The agreement of a given test, 

therefore, encompasses not only the ranking of the subjects, but systematic shifts in score 

over repeated tests. This distinction is important. Test-retest reliability is frequently 

conceptualized as either reliability or agreement, although it is probably ideal to think of it 

as purely a measure of agreement, in spite of the misleading inclusion of the term 

‘reliability’ in the name (93). 

Agreement and reliability are sometimes quantified using variants of the intraclass 

correlation coefficient (ICC). These are coefficients that, although they share part of their 

name with the Pearson Product-Moment Correlation, assess fundamentally different 

constructs (94–97). Generally, the ICC is a measure of the ratio of the variance attributable 

to subjects and the total variance of the experiment that is under study. Although many 

variants exist that account for subtle differences in experimental paradigm (97,98), the 

most commonlyreported variants are the so-called ICC(2,1) and ICC(3,1); these are also 

known as the “absolute agreement” ICC and the “consistency” ICC. The former is 

calculated as: 

𝐼𝐶𝐶𝐴𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 =
𝜎𝑠

2

𝜎𝑠
2+𝜎𝑟

2+𝜎𝑒
2        (1.1) 
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Where σs
2 is the variance within subjects (across repeated tests), σr

2 is a systematic bias 

between assessments, and σe
2 is random error variance. This differs from the latter 

formulation of the ICC (consistency ICC), which is formulated as follows: 

𝐼𝐶𝐶𝐶𝑜𝑛𝑠𝑖𝑠𝑡𝑒𝑛𝑐𝑦 =
𝜎𝑠

2

𝜎𝑠
2+𝜎𝑒

2         (1.2) 

Note that the only difference is the absence of the systematic bias term; the consistency 

ICC therefore does not penalize systematic shifts between assessments. This clearly echoes 

the distinction between agreement and reliability; while the agreement ICC is clearly a 

measure of agreement (it accounts for both rank consistency and systematic shifts), the 

consistency ICC is a measure of reliability (it ignores possible contributions of systematic 

shifts).  

 These concepts of reliability and agreement can be applied when the boundaries of 

change for a test or individual are desired. It is within this context that the discussion of 

quantifying significant change returns to robotics: what are the boundaries of significant 

change, when faced with a technology that (as far as a human rater is concerned) is 

arbitrarily precise? General tools (not necessarily applied to robotics) have been developed 

to quantify expected amounts of change on repeat testing, and limits of significant change 

over time. A common approach for quantifying the boundaries of expected performance 

on subsequent examination is the ‘smallest real difference’ (SRD) (99,100), which is 

calculated as: 

𝑆𝑅𝐷 = 𝐶𝐼𝑤𝑖𝑑𝑡ℎ ∗ √2(1 − 𝐼𝐶𝐶) ∗ 𝑆𝐷       (1.3) 

Where CIwidth = the desired width of the confidence interval in Z-units (e.g. 1.96 = 95% 

confidence interval), SD = standard deviation of the pre-test, post-test, or pooled scores, 
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and ICC = the intraclass correlation coefficient. The square root of two is included because 

of the addition of the standardized variances of the pre- and post-test data (101). Thus, this 

is roughly (√2*1.96) = 2.77*SD given a CI width of 1.96. The SRD has roots in education 

literature from the 1940s and 1950s (102,103) where the objective was to describe the 

expected boundaries of a given pupil’s second assessment on standardized testing if the 

original scores were known. A different question can be asked if both first- and second-

assessment scores are known. In this case, one can calculate the standard deviation of the 

difference scores (SDdiff) to derive a mathematical identity for the [√2(1-ICC) * SD] SRD 

equation presented above. In this case, √2*SDdiff ≡ √(2*(1-ICC)) * SD{pre, post, pooled} 

(104,105). Thus, one can directly estimate the boundaries of change from repeat assessment 

data. There is an important distinction to make between the SRD and the SDdiff approach; 

the former delineates the change expected for a sample given the known properties of the 

test (such as the ICC). The latter provides an estimate of the boundaries of change for any 

given sample independent of the properties of the test. Some of these approaches have been 

applied to robotic assessment and rehabilitation tools (106,107). 

Statistical tools have well-known limitations when it comes to dealing with large 

numbers of variables (108,109). For example, it can be difficult to ascribe significance to 

a single feature when there are potentially hundreds of features available across thousands 

of observations. The limits of traditional inferential statistical tools will inevitably 

necessitate the use of machine learning tools to not only characterize changes in ability, 

but to predict those who are at risk of deterioration or who are likely to recover after a 

neurological injury. In the context of stroke and TIA, applications of these techniques may 

lead to better ways to capture the relationships between large-scale data and clinical 
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outcomes. Specifically in the context of TIA, machine learning may provide a way of 

facilitating classification of people who have TIA as “abnormal”; this would be in line with 

previous findings of brain function abnormalities associated with TIA that are not currently 

appreciated using traditional clinical tools.   

1.4 Machine learning in biomedical data analysis 

The scale of biomedical and health science data poses a number of unique problems 

that have been effectively unsolvable until quite recently. Data derived from modern 

healthcare equipment is complex, is often multimodal, and can be of massive scale. These 

limiting factors combined with limitations in data storage and computational power have 

prevented complex computations from being truly possible until recently. These problems 

are exemplified by robotic assessments systems, in which potentially several sensors 

combined can output signals at kilohertz frequencies for hours, for potentially hundreds of 

individuals, across multiple research sites. These factors substantially complicate the 

interpretation of such data and can also limit the ability of such techniques to detect 

impairments in patients, which may be beyond the limits of detection using traditional 

clinical tools.  

As our collective ability to capture, store, and process information has continued to 

grow exponentially, a revolution has taken place in the fields of machine learning (ML) 

and artificial intelligence (AI). Their applications to biomedical information have similarly 

expanded at a breakneck pace for over 25 years, and developments at the cutting edge of 

computing have trickled down so that high-performance ML and statistical modeling can 

be performed with relative ease and relatively cheaply. The following sections will focus 

on the basics of ML and AI and types of ML/AI algorithms. ML can be subdivided into 
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specific learning approaches. Supervised learning involves the mapping of a set of inputs 

to a set of outputs, and unsupervised learning involves the learning of underlying structure 

within data in a label-agnostic way. Other techniques such as reinforcement learning can 

be applied, which involve reward-based training of systems. An AI system might make use 

of combined supervised, unsupervised, and reinforcement approaches to learn from data in 

specific ways, the outputs of which can then be combined to enhance the ability of the 

system as a whole to learn and generalize. Here, only supervised and unsupervised 

approaches will be discussed further. See Table 1.1 for a brief overview of supervised and 

unsupervised learning schemes. Note that, fundamentally, each approach has its own 

objectives, and so it is not necessarily as straightforward as directly comparing the two; 

often, they are used together to exploit the relative strengths of each approach. For example, 

unsupervised preprocessing of data is frequently used to negate the problem that supervised 

learning has of needing domain expertise to improve model performance.  

 

Table 1.1 Summary of supervised- and unsupervised learning characteristics 

 Supervised learning Unsupervised learning 

Advantages Directly models 

relationships between data 

and a target variable of 

interest 

Guided only by data; no 

domain expertise required. 

Can also reduce scale of data 

Disadvantages Requires varying amounts of 

domain expertise to fine-

tune 

Limited ability to address 

hypothesis-driven questions 
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1.4.1 Supervised learning 

Supervised learning (SL) is the most widely used ML approach and the most well-

understood. SL attempts to address the problem of findings some way to map potentially 

very complex data to much simpler outputs, including labels and continuous values. In the 

case of finding a mapping to discrete labels, the problem is referred to as classification; in 

the case were the outputs are continuous, the problem is referred to as regression. In 

general, most classification algorithms can be used for regression with modifications, and 

vice-versa. In order to map value to labels or continuous outputs, the learning algorithm 

must map a hypothetical function φ that can approximate the unknown relationship 

between the inputs X and a set of known outputs y.  

Several considerations must be taken when using SL. One of the most important 

considerations is to avoid what is termed overfitting; that is, when the algorithm maps an 

arbitrary function too well at the expense of generalization. The easiest way to circumvent 

this is to employ training and testing datasets. The former is data used to train the model 

in question, and the latter is used to evaluate its performance. Importantly, the testing data 

is not supposed to be seen by the model until final evaluation time, so the generalization 

performance of the trained model can be fairly judged. In practice, several rounds of 

training and testing can be run in a scheme referred to as cross-validation, where results of 

several training and testing rounds are aggregated to identify which model performed the 

best. This can also allow the user to tune hyperparameters, which are variables that control 

the fitting performance of the algorithm (e.g. the standard deviation of a Gaussian 

distribution used for modelling would count as a hyperparameter). Finally, SL can also be 

honed using regularization. Regularization is a process by which a penalty is applied to 
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models with greater complexity than others. The well-supported theory behind this 

approach is that models with less complex function-fitting capacity will generalize better 

to unseen data than more complex functions (110–112). This is sometimes viewed as a 

mathematical instantiation of Occam’s razor. In practice, most SL algorithms either 

implicitly implement regularization by design, or can be easily modified to implement it.   

1.4.1.1 Support vector machines (SVMs) 

Support vector machines (SVMs) (113) achieve the goal of supervised learning in 

a fundamentally different way than tree-based learners; they are sometimes referred to as 

“maximum-margin” learners, where the focus is the use of higher-dimensionalities to 

separate datasets. Importantly, SVMs are obligate binary learners, and so although they 

have state of the art performance on many learning tasks, they cannot truly learn multiple 

class boundaries; this is their primary weakness and can make them very inefficient for 

multiclass problems. Hard margin SVMs are tasked with learning the best hyperplane to 

divide a dataset with the widest possible margin based on the data being linearly separable 

(i.e. one could draw a straight line between the two classes of data). This approach yields 

the most statistically robust separation between classes that is expected to generalize the 

best, given that the properties of unseen data are similar to those of the training set (i.e. it 

will minimize the generalization error). Soft-margin SVMs are modified hard-margin 

SVMs that allow the two classes under study to not be linearly separable; drawing a line 

through data will lead to generalization error. This additionally allows class imbalances to 

be accounted for, up to a point, by introducing misclassification cost penalties. An 

extension of the SVM framework is the one-class SVM (OCSVM), which solves a different 

problem than standard SVM. OCSVMs have the objective of fitting a boundary to a 
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“target” distribution (i.e. the majority class) and determining if new observations fall 

sufficiently far from the majority class to be considered as “outliers”. OCSVMs can take 

the form analogous to a standard SVM, i.e. solving a similar boundary-fitting problem as 

binary SVM albeit with slight modification (114), or take the form of a support-vector 

domain description in which the problem is instead to fit a sphere of minimal radius around 

the main class (115). OCSVMs, as well as other one-class classifiers, are particularly useful 

when classes are highly imbalanced and can, beyond a certain point, outperform traditional 

binary-classifier based techniques of sampling (116). Other approaches can further enhance 

OCSVM performance, such as clustering-based ensembles (117).   

The primary advantage of SVMs is their ability to use the kernel trick. The kernel 

trick is generic way to project data into a higher-dimensional space in which it will become 

linearly separable. For cases where data may have more complex interactions, a more 

complex Gaussian kernel may be used. SVMs are implicitly regularized, i.e. they penalize 

complexity of their final solutions, because they use support vectors to create their margins 

(113,118). The only points in the dataset that matter for the solution are those closest to the 

margin; all other points are irrelevant. Unfortunately, although SVMs are powerful learning 

tools, their interpretability is far below that of tree-based learners (more of a problem for 

Gaussian SVMs than linear SVMs). Various feature-selection methods have been proposed 

for linear- and nonlinear SVMs (119,120), although these still lack the crisp interpretability 

of decision trees or standard regression techniques. Therefore, although SVMs handle 

nonlinear interactions between features very well, they are typically less interpretable than 

competing algorithms.  



 

22 

 

For the purposes of detecting abnormalities in behaviour in high-dimensional data, 

classifiers can be useful tools for mapping complex inputs to simple outputs. One-class 

classification is a powerful extension of traditional binary and multiclass classification that 

serve to address cases of substantial class imbalance. One-class classifiers additionally 

pose an attractive problem in the context of biomedical research: in the case where most 

individuals are “normal”, can one create a model where abnormalities can be 

differentiated? It is with this idea in mind that subsequent sections of this thesis will 

proceed. Additionally, one-class classifiers can be particularly sensitive to 

complex/multimodal data (116), and so perhaps ways to reduce data dimensionality would 

be attractive in the context of an OCSVM. This is typically achieved using unsupervised 

learning, which is described in the following section. 

1.4.2 Unsupervised learning 

Unsupervised learning (UL) refers to a family of algorithms that seek to learn the 

underlying properties of data and how they relate to one another agnostic to any other 

information such as class labels. UL has traditionally been viewed as nothing more than a 

preprocessing step for SL, as another way to reduce redundancy in data and prevent 

overfitting in SL. However, with the current state of rapidly increasing data collection and 

storage, UL has taken on a new life as a means by which researchers can learn about 

structure in data without necessarily needing to perform SL afterwards. Indeed, the scale 

of modern datasets is such that often UL is sufficient to make conclusions about underlying 

data in and of itself. There are two dominant approaches two unsupervised learning in the 

literature: clustering and principal components analysis (PCA). Each has a distinct purpose 

and, in practice, the two very rarely step on each other’s toes; they have non-overlapping 
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purposes. Clustering, taking the forms typically of either K-means clustering or hierarchical 

clustering (the latter discussed below) have the goal of partitioning data of n dimensions 

into subspaces. By contrast, PCA and its many associated techniques seek to identify 

underlying associations between features in high-dimensional space that are of lower 

dimensionality than the original space. For example, reducing a 20-dimensional data space 

down to a 3-dimensional PCA space, as has been achieved with robotic assessment data 

(121). These two examples of unsupervised learning will be discussed in detail below.     

1.4.2.1 Principal components analysis (PCA) 

PCA (122) is one of the most widely-employed unsupervised learning approaches, 

and one of the most widely-used multivariate analysis approaches across science. The goal 

of PCA is to create a set of unobserved features (principal components, PCs) that are each 

derived from all of the input variables in a given dataset such that 1) all variables present 

are accounted for in each PC, 2) the PCs are all orthogonal to each other, and 3) the variance 

explained by each PCA is maximized. This leads to a reduced-dimensional representation 

of the original data that retains most of the variance structure of the original dataset. PCA 

has several attractive properties that lend it its popularity. The traditional formulation of 

PCA is based on the singular value decomposition (SVD) of a matrix X and is satisfyingly 

straightforward. However, this approach relies on the calculation of covariance matrices 

that can, with large datasets, quickly exhaust a computer’s resources. The alternative 

approach to identifying the PCs of a matrix X is to perform an optimization of variances 

explicitly on the matrix X such that each component explains almost as much variance as 

it can. Once the components are extracted, it is possible to use them to create embeddings 

for new data. Although PCA is variance-based and therefore the deal situation is n >> p, 



 

24 

 

in practice PCA is robust even up to the point of n ~ p (123). Finally, several extensions 

exist to the vanilla PCA algorithm to perform regularization in the case that outliers exist 

in the data (referred to as sparse PCA) (Zou et al. 2006), or perhaps in the case that the data 

would be best represented by an unspecified nonlinear combination of features instead of 

a linear one (referred to as kernel PCA) (125).     

 

1.4.3 Problems and future directions for biomedical research 

Biomedical data, and specifically robotic assessment, provide a unique set of 

challenges that, while not necessarily different from the problems faced in other fields, are 

nevertheless amplified by logistical constraints and practical limitations inherent to 

collecting and processing large-scale biomedical information. These problems can be 

broken down into several subcategories depending on their origin and extent for a given 

dataset. For example, much biomedical information can be categorized as ‘small n, large 

p’ which means that biomedical data tend to have a small number of samples (n) in 

comparison to very large numbers of observed variables (p). This can lead to the 

phenomenon of overfitting, in which a given model fits too well to a given dataset to 

generalize well to unseen (new) information.  

Another substantial concern with biomedical data in particular is the interpretability 

of the resulting models. For legal and ethical reasons, there is a particular focus on having 

ML in biomedical research provide rationale for decisions. Much of this effort has 

highlighted shortcomings in analytical approaches. In the 1990s, a pneumonia risk 

prediction model based on artificial neural networks (ANNs) was criticized for basing its 

predictions of reduced risk of adverse outcomes on a patient having asthma. It was later 
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found that having asthma simply meant that a patient was less likely to be sent home, and 

received better care than individuals discharged to the community; thus, having asthma 

was statistically protective, but causally not (126). Recently, renewed emphasis has been 

placed on classifier interpretability in computer vision research (127–131). These 

approaches have been useful for image segmentation after stroke (132) and identification 

of regions of interest in people with likely Alzheimer’s Disease (133). There is a great deal 

of work yet to be done to truly explain predictions with other data modalities such as time 

series.   

Relatively little work has been done to apply machine learning algorithms to 

clinical problems that are relevant to TIA. A recent study sought to predict the risk of 

recurrent stroke after an index TIA or minor stroke (134) and another study focused on the 

development of a natural language processing tool to distinguish TIA from clinical mimics 

(135). Both of these studies reported good results, indicating that the general use of 

machine learning for analyzing data pertaining to TIA is feasible in a clinical setting. Given 

our newfound knowledge of the potential impacts of TIA on the functionality of the brain, 

including areas involved in motor and cognitive abilities, it might be beneficial to apply 

machine learning-based approaches to the detection of TIA in the context of behaviour. 

This topic will be revisited later in this thesis.   

1.5 Overview of included studies 

What follows will be an overview of studies included in the body of this thesis. 

Brief descriptions of motivation/rationale, methodology, and hypotheses will be provided. 

Broadly, the included studies address two main  issues: 1) whether or not people diagnosed 

with TIA can be distinguished from healthy individuals, and 2) if people diagnosed with 
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TIA demonstrate changes in their behaviour over time. These are clinically significant 

questions, as the null hypotheses (as expected from the clinical definition of TIA) are that 

1) people diagnosed with TIA are neurologically normal and this will be reflected in their 

behaviour, and 2) that because TIA symptoms resolve rapidly, there should be no change 

in neurological state over a series of follow up examinations. 

1.5.1 Robotic assessment of transient ischemic attack 

TIA is a common risk factor for stroke that has been until quite recently regarded 

as entirely harmless; a “dodged bullet” compared to having a stroke. However, the last 20 

years have seen increases in the understanding of the seriousness of TIA as not only a 

harbinger of stroke, but as a potential contributor to impairment and disability in its own 

right. Approximately 1/15 people diagnosed with a TIA will acquire mild to moderate 

disability within 3 months of the relevant clinical event (15). Furthermore, individuals 

diagnosed with TIA can experience cognitive impairments (136,137) that potentially last 

for months (138) or years (139) after the relevant clinical event. While it is clear that TIA 

is not benign, the extent of deficits associated with a diagnosis of TIA is unclear. 

Furthermore, it is unclear whether neurological impairments can be detected after TIA 

using a robot-based assessment tool.  

In chapter 2, we describe an examination of a cohort of 22 individuals who were 

diagnosed with TIA in a secondary care setting (i.e. a Stroke Prevention Clinic) using an 

objective and sensitive robotic assessment tool, the Kinarm (at the time of the study, called 

the KINARM, standing for Kinesiological Instrument for Normal and Altered Reaching 

Movements) (140), that had previously been used to assess stroke patients (87,141–143). 

In our study, individuals diagnosed with TIA were assessed within 2 weeks of symptom 
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resolution using a battery of robotic assessment tasks referred to as the Kinarm Standard 

TestsTM (KSTs) that assessed upper-limb motor and sensory skill, as well as cognition. 

Furthermore, participants completed a series of validated clinical assessments of motor and 

cognitive ability. Our hypothesis was that Kinarm robotic assessment would be able to 

identify impairments in a subset of individuals diagnosed with TIA, and that these would 

not correspond to performance on existing clinical scales because of their lower sensitivity. 

In this earlier work the normalization procedures for control data differed from the other 

chapters, reflecting the ongoing evolution of data collection and processing techniques. 

Data here were only adjusted for age; later studies adjusted for sex, handedness, and robotic 

platform. Therefore, Task Scores (see Chapter 2 for their definition) are not directly 

comparable with those in other Chapters. 

1.5.2 Detection of abnormalities in people diagnosed with transient ischemic attack or 

migraine 

Individuals diagnosed with TIA are known to have impairments in a variety of 

clinical cognitive tests, and have been demonstrated to have deficits on robotic tests of 

cognitive and motor skill (90). However, in a clinical setting, identifying individuals who 

experience transient neurological symptoms can be challenging. The difficulty is further 

increased when considering the multitude of clinical mimics of TIA that exist, the most 

common of which is migraine (18). Not only are conditions such as TIA and migraine 

frequently confused with one another in a clinical setting (18), but they can be difficult to 

identify because the diagnoses are entirely predicated on patients remembering the exact 

sequelae that took place, as symptoms will often have resolved by the time a patient is seen 

by a physician. Furthermore, although TIA and migraine are relatively common 
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neurological conditions (migraine much more so than TIA), the analytical problem remains 

that there is a vast excess of healthy people in comparison to the size of these clinical 

groups. Our previous study of people diagnosed with TIA using the Kinarm Exoskeleton 

robot demonstrated that it was possible to identify impairments associated with TIA in 

motor and cognitive domains. Here, we explore an alternative approach that makes use of 

the standardized outputs from the Kinarm, but to develop a machine-learning-based 

normative model with predictive capacity.  

In chapter 3, we present our novel approach to detecting subtle impairments on 

robotic assessment tasks. Given our previous results in our TIA cohort, we chose to focus 

our analysis on only 4 KSTs that tested combinations of unimanual and bimanual control, 

with or without added cognitive burden (see chapter 3). We hypothesized that applying a 

one-class classification learning approach to complex Kinarm data would highlight motor 

and cognitive abnormalities in individuals diagnosed with TIA that would otherwise escape 

clinical detection. We additionally assessed a cohort of individuals who attended the 

emergency department and described transient neurological symptoms, but who were later 

determined to have had migraines instead of TIA. Thus, these individuals controlled for 

the psychological stresses of receiving a medical diagnosis. We hypothesized that our 

cohort of migraineurs would be uniformly unimpaired on our battery of robotic assessment 

tasks.   

1.5.3 Quantifying statistical thresholds of change in robotic assessment 

A substantial problem when dealing with precise and granular robotic assessment 

tools is how to determine when a change is “real”, as opposed to different in numerical 

value only without any true change in underlying ability. That is, if an individual’s reaction 
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time improves by 5% on a second test compared to a first, is it a statistically significant 

change? Statistical tools have been developed to address the problem of identifying 

statistical thresholds in the context of a 2-repeat assessment paradigm (101,104,144). 

Several studies have performed test-retest investigations with robotics (87,106,107,145); 

however, these have generally been in the context of a specific disorder. It would be 

desirable to have a framework that can generalize and is based on 1) the properties of 

performance in healthy individuals, and 2) prescribes an approach for applying the derived 

statistical thresholds to other populations. 

In chapter 4, we present a framework for detecting statistical thresholds of change 

using the Kinarm Exoskeleton robot. We assessed a cohort of healthy individuals twice 

within 15 days, with the goal of characterizing the confidence intervals of significant 

change for all of the parameters in all of the tasks of the Kinarm Standard Test (KST) 

battery. We hypothesized that the thresholds of change would be less than they would be 

if individual performance were entirely because of chance variation; that is, that individual 

differences in performance would be greater than group-wise differences across time 

points.  

1.5.4 Longitudinal assessment of transient ischemic attack or migraine 

TIA is a frequent indicator of impending stroke, and yet it has traditionally been 

viewed as harmless and indicative of a return to normal life for affected individuals. 

Evidence is now emerging that TIA is not only not an entirely benign health condition (90), 

but that it is dynamic and, in some cases, variably leads to functional deterioration (15) or 

change in cognitive status (146). While infrequent, this deterioration is nevertheless 

problematic because it impacts the ability of patients to lead a normal life afterwards. It is 
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now appreciated more widely that changes in cognitive status after TIA can take place and 

that in some cases they can persist for months or years afterwards. However, it is presently 

unclear if deficits in other domains, such as in motor skill, also persist for long after TIA 

or if motor deterioration occurs. 

In chapter 5, we used the Kinarm Exoskeleton system and its associated battery of 

KSTs to measure change over time in a cohort of individuals diagnosed with TIA. 

Furthermore, we compared to an active control group of individuals who were diagnosed 

with migraines, which is a common TIA mimic (18). We hypothesized that people who 

were diagnosed with TIA would generally recover any cognitive and motor deficits after 

the end of 1-year of follow-up. 
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Chapter 2 

Robotic assessment of transient ischemic attack  

2.1 Abstract 

Background: Transient ischemic attack is traditionally considered as a benign 

neurological condition that does not lead to neurological impairments on its own. Recent 

studies have identified that people diagnosed with TIA can have cognitive impairments. 

However, the tests used in these studies are coarse, and motor ability is frequently 

neglected. We sought to perform a detailed, quantitative robotic assessment of people 

diagnosed with TIA that spanned motor, cognitive, and sensory behavioural domains. 

 

Methods: A cohort of people with TIA was recruited within two weeks of symptom 

onset. All individuals completed a robotic-based assessment of 8 behavioural tasks 

related to upper limb motor and proprioceptive function, as well as cognition. Robotic 

task performance was compared to a large cohort of controls without neurological 

impairments corrected for the influence of age, sex and handedness. Impairment in 

people with TIA was defined as performance below the 5th percentile of controls. 

Participants with TIA were also assessed with the National Institutes of Health Stroke 

Scale (NIHSS) score, Chedoke-McMaster Stroke Assessment (CMSA) of the arm, the 

Behavioural Inattention Test (BIT), the Purdue pegboard test (PPB), and the Montreal 

Cognitive Assessment (MoCA). Age-related white matter change (ARWMC), prior 

infarction and cella-media index (CMI) were assessed from baseline CT scan that was 

performed within 24 hours of TIA. Acute infarction was assessed from diffusion-

weighted imaging in a subset of people with TIA.     
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Results: Twenty-four people with TIA were assessed. Robotic assessment showed 

impaired upper limb motor function in 9/22 people with TIA patients and upper limb 

sensory impairment in 6/22 individuals.  Cognitive tasks involving robotic assessment of 

the upper limb were completed in 13 participants, of whom 12 (84.6%) showed 

significant impairment. Abnormal performance in the CMSA arm inventory was present 

in 12/22 (54.5%) participants. ARWMC was 11.8 ± 6.4 and CMI was 5.4 ± 1.5. DWI was 

positive in 0 participants.     

 

Conclusions: Quantitative robotic assessment showed that people who have had a TIA 

display a spectrum of upper limb motor and sensory performance deficits as well as 

cognitive function deficits despite resolution of symptoms and no evidence of tissue 

infarction. 
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2.2 Introduction  

The term transient ischemic attack (TIA) suggests that people that have them will 

acquire no lasting impairments, and indeed this is the original definition of the condition 

(symptom resolution in <24 hours). However, a considerable proportion of people (1/15) 

with TIA become disabled by 90 days for reasons that are unclear1. One possible reason 

for this is that people who have experienced TIA – despite being apparently symptom-free 

– may in fact have subclinical neurological deficits leading to cognitive, sensory and motor 

dysfunction. Previous work has shown that people with TIA have cognitive impairment 

which can be lasting (15,136,147,148). However, sensorimotor dysfunction after TIA has 

not been well described, in part because the deficits may be subtle enough that common 

bedside clinical exam techniques do not detect them. There is increasing recognition that 

TIA is not just a risk marker of future stroke, but also a potential marker of functional 

decline1. Currently, we lack the tools to understand the cognitive and motor dysfunction 

that may contribute to this deterioration. Therefore, there is a need to develop newer 

comprehensive methods to assess a wider spectrum of neurological deficit in people who 

have experienced TIA. Here, we use robotic technology to answer the question of whether 

or not people who have had a TIA have quantifiable sensorimotor impairment after their 

symptoms are supposed to have resolved. Our goal is to quantify potential upper limb 

proprioceptive and motor dysfunction, as well as cognitive dysfunction, within 2 weeks of 

TIA.     

We hypothesized that relative to control subjects, a single centre prospective cohort 

of people with TIA would show motor behavioural deficits detectable up to two weeks 

after symptom resolution. Secondary to this, we also hypothesize that people who have had 
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a TIA will perform normally on other clinical tests of function, because normal function is 

the expected outcome of a TIA. We used the Kinarm Exoskeleton robot (Kinarm, Kingston, 

Canada), which has been extensively validated for use with stroke patients (87,141,149–

152). We assessed aspects of executive function (set switching, response inhibition), spatial 

working memory as well as upper limb proprioceptive and motor function in tasks that 

correlate to functional independence (152).  Performance of participants who had TIA was 

quantified relative to a large database of volunteer control subjects corrected for age and 

sex. With the addition of bedside clinical assessment of cognitive and motor function we 

were then able to describe a spectrum of motor and cognitive behaviour impairments in 

individuals who have had a TIA. 

2.3 Methods 

2.3.1 Participants and clinical assessment 

 Participants were recruited from the Stroke Prevention Clinic at Kingston General 

Hospital in Kingston, Ontario, Canada. All participants were assessed within 2 weeks of 

TIA. Inclusion criteria for this study were a diagnosis of TIA, the ability to understand the 

clinical and robotic assessment tasks, normal vision and no injury limiting movement of 

the upper extremity. TIA was defined as a transient neurological impairment of suspected 

vascular origin lasting less than 24 hours with a score of 0 on the National Institutes of 

Health Stroke Scale (NIHSS) and no neurological deficit on examination by an experienced 

stroke neurologist. Typically, approx. 1300 patients are referred to the Stroke Prevention 

Clinic in a given year. Of these, approximately 600 are mimics (leaving ~700). Many 

individuals out of the remaining 50% would not be able to drive to clinic per Ministry of 

Transportation (Ontario) recommendations to not drive within 4 weeks of TIA or stroke, 
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and thus would not be able to attend the <2 week assessment for this study (leaving ~300). 

Of the remaining individuals, half had too many comorbidities (leaving ~150). Of the 

remaining 150 individuals, approximately 25 per year are capable of attending clinic and 

are interested in attending. Enrolled participants were provided a monetary stipend for 

taking part in our study after completion of the examination. The Queen’s University Ethics 

Review Board approved this study, and participants provided written informed consent 

prior to their participation. All participants with TIA had a baseline non-contrast CT scan 

of the head within 24 hours of TIA, and a subset had a DWI scan performed within ten 

days of TIA onset. All participants with TIA had vascular imaging by CT angiography, 

MR angiography, or carotid Doppler ultrasound. DWI scan was performed using a Siemens 

Magnetom Avanto 1.5T MRI system running Syngo VB19 software. CT scans were 

performed using a GE Healthcare revolution HD scanner. See Appendix section A2.1 “TIA 

CT scan protocol” for more details of the CT scan parameters. The more-affected side of 

people in the TIA cohort was determined by clinical description of symptom location. 

Small vessel ischemic disease on CT scan was assessed using the age-related white matter 

change (ARWMC) (153) score in all participants with TIA. Brain atrophy was assessed 

using the cella-media index (CMI) (154) on CT scan. These measurements were done by 

two of us (JK and AYJ) without knowledge of the clinical assessment or performance in 

robotic testing. Infarction was assessed using either DWI scan (when available) or CT in 

all participants with TIA by a stroke neurologist (AYJ) who was blinded to the robotic 

assessment and clinical scores. 

 In addition to examination by an experienced stroke neurologist, all participants 

underwent the following tests: the Behavioural Inattention Test (155) (BIT), Purdue 
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Pegboard Test (156) (PPB), Montreal Cognitive Assessment (67) (MoCA) and the 

Chedoke-McMaster Stroke assessment (CMSA) for the arm (56,157). For the latter, 

individuals with TIA and control volunteers (n=106) either passed or failed based on their 

ability to complete stage 7 of the CMSA arm and hand inventories. The order of clinical 

examinations was consistent for all participants with TIA and controls. Corrected vision 

was allowed in all examinations.  

2.3.2 Robotic Assessment 

Quantitative assessment of participants with TIA was performed using the 

KINARM exoskeleton robot (BKIN Technologies, Kingston, ON). Eight KINARM tasks 

were used to assess upper limb proprioceptive and motor function, as well as cognitive 

function. This yielded a total of 10 behavioural assessments (some tasks were collected 

separately in each arm, see below). Participants with TIA were seated in the KINARM 

exoskeleton robot which allows 2D horizontal planar arm movement (Fig. 2.1). A virtual 

reality system was used to display spatial goals/objects in the horizontal workspace of the 

arms. A screen obscured visual feedback of the hands, making patients rely on fingertip 

position feedback which was provided on the display. Tasks were described immediately 

prior to being performed, and were administered by experienced operators. Task order was 

determined to ensure that similar tasks were performed consecutively and to minimize 

fatigue during examination. Controls were part of a database collected by our lab 

previously. The number of controls per task ranges from 94 to 494 depending on the task 

(newer tasks have fewer controls). All people included as controls have had no neurological 

disorder of musculoskeletal injury affecting the upper limb in the last 5 years. The order of 
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tasks was identical for all participants with TIA and controls. Corrected vision was allowed 

during robotic assessment for subjects and controls. 

 

Figure 6.1. Kinarm and Kinarm standard tests (KSTs).  

The KINARM robotic exoskeleton is used to assess a variety of motor, cognitive, and sensory tasks. 

A. KINARM robotic exoskeleton.  Participants sit in the exoskeleton with their arms supported by 

troughs.  The robot allows horizontal planar movement of the upper limbs.  Feedback on tasks is 

provided via a virtual reality display.  Visual feedback of the hands is occluded using a screen.  B. 

There are 8 standard tasks, encompassing motor (4 tasks), sensory (1 task), and cognitive (3 tasks) 
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domains.  Note that VGR and RVGR are collected separately in each arm. Task scores can be 

represented in terms of percentiles of performance (1=68.3%, 1.96=95%).   

 

 We used four behavioural tasks to quantify upper limb motor function (Figure 2.1). 

Visually-guided reaching (VGR) required participants to reach out and back to spatial 

targets in an array of either 4 or 8 locations (141). VGR was changed during the course of 

data collection from 8 targets to 4 targets to reduce data collection time. The 8-target variant 

and the simplified 4-target variant yield similar motor performance data (158). In the object 

hit (OH) task, participants tried to hit away virtual balls which fell from the top to the 

bottom of the video display using paddles virtually attached to their hands (151). The balls 

fell from 10 bins spaced evenly across the top of the display and the rate at which balls 

appeared on the screen increased until the end of the test. The object hit-and-avoid (OHA) 

task was similar to OH, except participants had to hit two specific target shapes and avoid 

all other shapes (149). Ball on bar (BOB) assessed coordination of the two arms. 

Participants were required to balance a ball on a bar and move the ball to targets in a set 

amount of time (150). Note that VGR was collected separately in each arm, i.e. the more-

affected (‘affected’) and less-affected (‘unaffected’) sides, thus yielding a total of 5 

separate scores in the motor task category.   

One task was used to assess proprioceptive function (Figure 2.1). Arm position 

matching (APM) task quantified position sense of the upper arm (87). The robot moved 

the participant’s affected arm to one of 4 or 9 targets arranged in grid. The participant was 

asked to mirror the position of the robot-controlled (“active”) arm using their unaffected 

arm. 
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The remaining 3 tasks assessed various aspects of cognitive function (Figure 2.1). 

Reverse-visually-guided reaching (RVGR) was similar to VGR with the exception that the 

cursor moved in the direction 180o opposite to the participant’s hand (159–161). 

Participants were required to inhibit the automatic response to move the hand towards the 

target and instead move the hand in the opposite direction to guide the cursor to the target. 

This task requires several executive processes, including inhibition and attention (162–

165). The trail-making test variant B (TMT-B) tested decision making and task switching 

(145,166). Participants moved their dominant arm along a trail of numbers and letters in 

sequence (e.g. 1-A-2-B…etc). Spatial span (SS) quantified spatial working memory 

capacity similar to the Corsi block test (167). Participants positioned their dominant hand 

in a demarcated rectangular area on the display screen. This was enforced by a load applied 

from the robot if the participant’s arm deviated towards the edge of the area. During this 

time, a series of squares on a 3x4 grid were illuminated in a random sequence. The 

participant was required to recall the pattern and move their hand to the targets in order. 

After a successful trial, the next random sequence had an additional target added to the 

sequence (e.g. after successful recall of three targets, the next trial had four). An 

unsuccessful trial was followed by a new random sequence with one less target. Note that 

RVGR was collected separately in each arm, i.e. the more-affected (‘affected’) and less-

affected (‘unaffected’) sides, thus yielding a total of 4 separate scores in the cognitive task 

category.  
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2.3.3 Statistical analysis 

Task scores were derived from the comparison of a large control database, varying 

in size from 94 to 494 individuals depending on task. See also Figure A.1. A full description 

of task score derivation is presented in the Statistics and Data Supplement. Briefly, 

performance of all participants (including controls and study participants) on each task was 

collected in parameterized form, leading to multiple variables describing performance in 

each individual task. Distributions for each parameter for all participants were converted 

to Z-scores. For controls only, these distributions were de-skewed using Box-Cox 

equations. Linear regressions were performed on the de-skewed data to consider the effects 

of age. Distributions were then tested for normality and Box-Cox equations were adjusted 

if necessary to attain normality. Outliers were removed at this point (outliers were defined 

as Z outside of ±3.29).  The process of de-skewing and outlier removal was iterated until 

no outliers remained. Parameter Z-scores were combined via a root-mean square (RMS) 

calculation and the resulting RMS values were themselves normalized. This distribution of 

RMS-Z scores was then transformed such that it became one-sided and exclusively positive 

(see supplement). Values from this distribution are referred to as task scores. Importantly, 

the percentiles of this task score distribution approximate those of the Normal distribution 

(see supplement). The score of a given participant is located on this distribution for all 

parameters in a given task. The root-sum-square (RSS) of all of these individual scores is 

then calculated to derive a final task score. As this score has similar properties to a Z-score, 

a value of >1.96 is below the 95th percentile and is considered to be impaired. 

Other statistical analyses were performed using custom-written Matlab scripts 

(Mathworks, Natick, MA). T-tests were performed to assess the significance of 
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relationships between clinical variables (CMSA(56), MoCA(67), BIT(155), and 

PPB(156)), imaging measures (CMI (168), ARWMC (153)) and robotic task performance. 

One-way ANOVA was performed to determine whether or not people who received DWI 

scans performed differently on robotic tasks than those who did not receive scans (scan-

positive or scan-negative were the groups).  

2.4 Results 

 Summary clinical scores and demographics of individuals with TIA are presented 

in Table 2.1. Twenty-two participants with TIA were recruited; 21 had TIA with NIHSS = 

0 and 1 had TIA but also NIHSS = 4 due to bilateral leg weakness from pre-existing 

diabetic lumbosacral radiculoplexus neuropathy which does not affect upper limb function. 

Mean±SD age was 67.1±11.1 years old.  Fifty percent of participants were female and 

95.5% were right-handed. Symptoms involved the right side of the head and/or body in 

54.5% of participants, left in 40.9% of participants, or were non-lateralizing in 4.5% of 

participants (e.g. truncal ataxia in 1 of 22 patients). Summary clinical data are presented in 

Table 2.2. Additional clinical data are presented in supplementary Table A.2.  
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Table 6.2 Summary clinical information and demographics of our TIA cohort. 

 

 

 

 

 

 

 

 

 

 

 

 

DM=Diabetes Mellitus; OSA=Obstructive Sleep Apnea; MI=Myocardial Infarction.  

Stroke abbreviations follow TOAST criteria: POCS=Posterior Circulation Syndrome; 

PACS=Partial Anterior Circulation Syndrome; LACS=Lacunar Circulation Syndrome; 

TACS=Total Anterior Circulation Syndrome.     

 

 

 

 

 

 

 

Mean education (years) 12 

Comorbidities  

 Hypertension 45.5% 

 DM Type 2 4.5% 

 Smoking 13.6% 

 Prior stroke 0% 

 Prior MI 13.6% 

 OSA 0% 

TIA/Stroke etiology  

 POCS 13.6% 

 PACS 77.3% 

 LACS 18.2% 

 TACS  0% 

ARWMC 11.8±6.4 

CMI 5.4±1.5 

DWI-positive lesion 0% 



 

43 

 

Table 6.3 Individual clinical and demographic information for our cohort of TIA patients. 

Sex (% female) 50.0 

Dominant hand (% right-handed) 95.5 

Affected side (% right-affected) 54.5 

CMSA-Left arm (% with normal 

performance) 

36.4 

CMSA-Right arm (% with normal 

performance) 

40.9 

MoCA (average±SD points) 26.8±4.1 

CMI (average±SD) 5.4±1.5 

 

CMSA=Chedoke-McMaster Stroke Assessment; MoCA=Montreal Cognitive 

Assessment; CMI=Cella-Media Index. 

 

The Purdue pegboard (PPB) and behavioural inattention test (BIT) scores were 

within the normal range in all participants (means were 22.6±5.7 and 143.3±2.8, 

respectively). All controls (n=106) got the maximum score on stage 7 of the CMSA arm 

inventory (expected score for controls). However, 12/22 (54.5%) people with TIA 

performed below this level several days after TIA. The mean MoCA score was 26.8±4.1, 

and 8/22 (36.4%) participants had a score of < 26. The mean age-related white matter 

change (ARWMC) score was 11.8 ± 6.4 (range 1 to 27). The mean cella-media index (CMI) 

in all patients was 5.4 ± 1.5 with only one individual having CMI < 4.1 (abnormal). In a 

subset of 13 people with TIA who underwent DWI scan, none showed a restricted diffusion 

lesion. Neither the ARWMC score nor CMI correlated to performance on MoCA, BIT, 

PPB, or pass/fail on CMSA (all p>0.05). Furthermore, there were no correlations between 
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ARWMC and CMI with any robotic assessment tasks. Correlation coefficients between 

imaging variables and robotic assessment tasks were between 0.55 to -0.45. See Table A.3 

for a summary of the relationships between KINARM and imaging variables.  

 To analyze the probability that of people in our TIA cohort performed a χ2 test to 

compare the proportion of people in the TIA and control groups that performed, or were 

expected to perform, all 10 robotic assessments (derived from 8 behavioural tasks; see 

Methods) within the normal range (task score <1.96). Out of the participants in the TIA 

group, 11 completed all 10 assessments. Out of these, 4 performed all 10 assessments 

within the normal range (36%). In the control group, we expect 95% of people to perform 

within the normal range on each of task. Therefore 0.9510, or 60%, of people are expected 

to perform all 8 tasks within the normal range. Assuming a control group size of 94, this 

yields a χ2 p-value of 1.14x10-6 indicating that the number of people with TIA that have 

control-like performance across all tasks is significantly lower than in the control group. 

We chose 94 as the control number as this is the smallest control population size out of all 

robotic tasks and therefore yields the most conservative estimate.  

Robotic assessment of people with TIA demonstrated impairment on tasks testing 

upper limb motor and proprioceptive performance, as well as cognitive function (Table 2.3 

and supplementary Table A.4). We observed a great variety of impairments across the 

cohort, and we show a small sample of these to demonstrate these individual differences 

(Figure 2.2). Seven out of 22 participants with TIA (31.8%) performed below the 5th 

percentile of controls on at least one motor task. Six participants with TIA (27.3%) were 

unable to move either arm accurately in a simple reaching task (VGR) using either their 

affected- or unaffected arm. All participants with TIA   were able to use their arms to hit 
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moving targets accurately in Object Hit (OH task). Two participants with TIA (9.1%) were 

unable to discriminate between targets to be hit and those to be avoided in the Object Hit 

and Avoid task (OHA). Coordinated use of both arms to move an object to a target in Ball 

on Bar (BOB) was impaired in 3 participants with TIA (27.3%). This task was completed 

by 11 participants. Perception of arm position in the Arm Position Matching task (APM) 

was impaired in 4 people with TIA (18.2%). Cognitive tasks assessing task-switching 

(Trail Making Test-part B; TMT-B), response inhibition (Reverse Visually Guided 

Reaching; RVGR), and working memory (Spatial Span; SS) were impaired in 9.1%, 

61.5%, and 27.3% of people with TIA, respectively. Thirteen participants completed SS 

and RVGR. When we compared participants who had received DWI-MRI scans and those 

who had not, there was no significant difference in robotic task performance (p=0.73). 

We analyzed the correlations between performances across all tasks to assess 

collinearity. Because we wished to identify variables that are redundant, we set a cut-off 

for the R2 value at 0.7. We found R2 values of over 0.7 between RVGR-Affected arm and 

RVGR-Unaffected arm (R2=0.75); BOB and RVGR-Unaffected arm (R2=0.70). All other 

R2 were below 0.60 and most of these were below 0.25. Some task pairs such as OH and 

BOB were almost entirely unrelated (R2=0.0025). Therefore, 2 task pairs out of a possible 

45 unique pairs (no self-correlations or replication of pairs), or 6.7%, had interdependence 

at the level of R2=0.7 or higher. A complete R2 value summary is presented in 

supplementary Table A.5. 
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Table 6.4. Task score summaries for all participants.   

Task Impairment rate (% below 5th 

percentile of performance) 

VGR-A 13.6 

VGR-U 13.6 

OH 0 

OHA 9.1 

BOB 27.3 

RVGR-A 46.2 

RVGR-U 61.5 

TMT-B 9.1 

SS 27.3 

APM 18.2 

Percentages of participants with TIA that performed below the 5th percentile of controls. 

 

 

 

 



 

47 

 

 

Figure 6.2. Examples of individual performance within 2 weeks of TIA. 

People with TIA showed several individual patterns of impairment after two weeks. 

Four examples of participants (10, 17, 18 and 20) with different levels of impairment on 

multiple tasks are shown, to demonstrate the variety observed in the study. Radar plots for 

each participant are given that summarize task scores for all 8 KINARM tasks. Kinematic 

data are shown for four tasks (VGR, RVGR, BOB, and APM) and corresponding task 

scores are provided (below the 5th percentile and within the normal range).   
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2.5 Discussion 

In a single centre cohort of people with transient ischemic attack (TIA), robotic-

assisted assessment revealed that many people who have had a TIA display a spectrum of 

upper limb motor and proprioceptive dysfunction as well as cognitive dysfunction despite 

resolution of clinical symptoms. The proportion of people in the TIA cohort that performed 

all robotic tasks at a control-like level was significantly lower than the expected value for 

controls. In addition, 12/22 (54.5%) participants were unable to perform simple motor tasks 

involving the upper limb in the Chedoke-McMaster Stroke Assessment (CMSA). This 

motor dysfunction was not explained by impairment on cognitive screening, age-related 

white matter change (ARWMC), or cerebral atrophy (CMI). This study shows that in 

addition to known cognitive impairments, acquisition of disability, and risk of recurrent 

stroke (15,136,169), many people with TIA are impaired in their ability to plan and execute 

sensorimotor tasks.  

Motor impairments such as those we detected with the KINARM and using the 

CMSA have not been quantified in people with TIA previously. Nearly one-third of 

participants performed below the 5th percentile of the control group on visually guided 

reaching. This rate of impairment is far higher than would be expected if TIA symptoms 

had resolved and there was not a lasting effect. The impairment rate of 31.8% for any motor 

task further emphasizes that there are considerable motor deficits in this population which 

currently escape detection upon traditional bedside examination. None of the TIA cohort 

were impaired in the object hit task, which is counterintuitive given the relatively high rate 

of impairment in the visually guided reaching task. This is likely an effect of our small 

sample size. It may also be because participants that were impaired in visually guided 
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reaching were only impaired in one arm. Therefore, the other, less-impaired, arm may have 

compensated and allowed them to perform object hit within the normal range. We also 

observed that 54.5% of participants performed below the level of controls on stage 7 of the 

CMSA. This rate is higher than for robotic tasks testing motor function only. However, this 

may reflect that some CMSA tests assess both the arm and hand together (e.g. bounce and 

catch a ball) whereas our robotic tasks only assess arm function. The coarseness of the 

CMSA scoring may also relate to the observed failure rate difference compared to 

KINARM tasks. Robotic assessment provides a continuous and more comprehensive and 

score for performance on a given task. Robot-based tasks are limited to the horizontal plane 

and weight support of the limb is provided during motor function. It may be beneficial to 

develop robot-based tasks that require coordinated action of the arm and hand, as well as 

to add weight support, particularly for these individuals with relatively moderate motor 

impairments. Accurate detection of motor impairment after TIA in the future will be 

important due to the association between motor symptoms and an increased risk of 

subsequent stroke (69).   

In contrast to motor impairment, cognitive impairment in TIA is well-described and 

our observations support those of others. Deficits have been identified in attention, working 

memory, and processing speed which can persist as long as 90 days (147,170) after TIA. 

We found that a similar proportion of people with TIA in our study displayed cognitive 

impairments as in previous studies (136). Almost 32 percent were impaired on the Montreal 

Cognitive Assessment (MoCA), a screening tool that assesses a range of cognitive 

functions including memory and set-switching. Our robot-based cognitive tasks also 

identified subjects impaired on specific cognitive functions. Spatial span (SS) and the trail 
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making test part B (TMT-B) were impaired in 27.3 and 9.1%, respectively. Similarities in 

performance on spatial span,  a robot-based memory task, and MoCA is not surprising 

given the latter is itself heavily weighted towards memory (67) 

Of particular interest is the observation that most individuals assessed in the 

reverse-visually guided reaching task (RVGR) task were identified as impaired (72.7%). 

Importantly, the number of participants that performed below the 5th percentile on this task 

was substantially higher than VGR, which is very similar. The level of variability in VGR 

explained by RVGR was also low, and therefore these two tasks are relatively independent. 

It is possible that this is because reverse VGR engages multiple regions involved in 

inhibition and executive control which VGR does not. Reverse reaching requires executive 

control to inhibit the automatic response to reach towards a spatial goal and instead 

generate a motor response in the opposite direction in order to move the cursor to the target. 

Other studies have shown that individuals with mild cognitive impairments are also 

commonly impaired in this task (159–161). The wide variety of neural substrates engaged 

by this task makes it sensitive for identifying a possible impairment although insensitive 

for identifying the exact location of the injury or damage. By including tasks other than 

this one that test different functions, a more specific pattern of impairment may be 

identified for a given individual (79).  

Cognitive and motor impairment in people with TIA has been associated with white 

matter disease, cerebral atrophy and prior infarction. However, imaging features alone 

cannot yet specifically describe aspects of post-stroke cognition. White matter lesion 

burden and medial temporal lobe atrophy have been associated with executive and memory 

dysfunction at one year (171). Severity of periventricular white matter lesion burden due 
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to small vessel disease has also been associated with poor processing speed and memory, 

possibly due to interruptions in cortico-subcortical information loops (172). After 

accounting for the influences of age, gender and stroke severity, the relationship between 

white matter changes and cognitive impairment becomes less clear. In a recent study by 

Mai et al (173), there was no association between ARWMC and MoCA scoring. This may 

be due to the large variability in ARWMC. Others have noted that after controlling for 

demographic and vascular risk factors, only temporal lobe atrophy is associated with 

cognitive impairment (174). Rasquin et al suggested that only the presence of infarction on 

CT scan predict cognitive dysfunction after stroke (175). In our study, neither ARWMC 

nor CMI correlated to upper limb motor or proprioceptive dysfunction, or cognitive 

dysfunction. In a subset of participants who underwent DWI scans, none had an acute 

ischemic lesion and there was no statistical distinction between individuals who had 

received DWI scanning and those who had not. This suggests that the substrate for motor 

behavior deficits in people who have had a TIA cannot be explained by imaging features 

alone.  

Disability in people with TIA is a frequent occurrence (15).  Additionally, half of 

people with TIA experience symptoms of depression and decreased quality of life (176). 

Therefore, it will be important to further investigate correlates to changes in quality of life 

for people who have had a TIA. A first step will be the early detection of motor impairments 

after TIA, which are associated with a significantly increased risk of subsequent stroke 

(79). 

It is important to acknowledge the limitations of this study. The first is that we did 

not adjust for the effects of sex and handedness. The effects of handedness are not of great 
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importance in this study as all participants except for 1 were right-handed. The issue of 

adjusting for sex will have to be addressed in future studies. Our concern was that, by 

splitting some control groups into subgroups with different sexes, we would be unable to 

reliably normalize our control data due to small sample sizes. It is important to note that 

sex does not affect MoCA (177). A second limitation is that we do not have DWI-MRI 

results for all patients. This makes it difficult to conclude that all patients did not have 

small infarcts present which would have affected their performance, but that were not 

visible on CT. However, task scores for the 13 individuals with a DWI scan were 

statistically indistinguishable from those who had not been scanned – thus, it is at least 

possible that if any lesions were present in the no-DWI subset of the cohort, that they had 

no effect on robotic task performance. We did not collect DWI until sometimes several 

days after TIA, and so it is possible that pseudonormalization took place in some 

individuals. This should be corrected in future studies that gather imaging data in this 

clinical population. Two further limitations are that not all patients completed all tasks, and 

that we had a small sample size. The primary goal of our work was to determine whether 

or not people who have had a TIA have quantifiable impairments on our robotic assessment 

tasks. We were able to identify impairments in people that have had a TIA, although we 

could not capture the full spectrum of impairments with our small sample. This will be 

addressed in future works, which will allow us to perform more detailed analyses of 

impairment patterns in this population. Additionally, given that our study is cross-sectional 

in nature, it is not possible to determine whether or not people in our TIA group had 

premorbid impairments on any of these tasks. Future studies with much larger cohorts 

should seek to address this problem, either by following patients at high risk of TIA over 
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many years, or by estimating premorbid task performance. Finally, we must acknowledge 

that the condition of people diagnosed with TIA may change within the 2-week window 

between TIA and assessment. We accept this limitation, as our study was not intended to 

differentiate changes within the 2-week timeframe. Instead, we asked the question of 

whether or not there would be quantifiable sensorimotor and cognitive impairments at up 

to 2 weeks. We were able to identify impairments after this window, which runs contrary 

to the traditional definition of TIA which requires symptom resolution within 24 hours.  

There is a pressing need to discern specific patterns of impairment in people who 

have had a TIA to identify individuals at an elevated risk of future cerebral ischaemic 

events. Here we have demonstrated two main findings. The first is that people who have 

had a TIA display quantifiable impairments in sensorimotor and cognitive domains 

(executive function, spatial working memory, and set-switching). The second is that these 

impairments are present beyond the 24-hour period normally ascribed to TIA symptom 

resolution. Current clinical assessments are subjective, and there is a need for quantitative 

assessment to provide additional information which will reduce error. Impairments 

detected on MoCA and CMSA in a population of people with TIA have been quantified 

using the KINARM robot. Comprehensive robotic assessment was able to provide 

additional details regarding possible mechanisms of impairment and the degree of 

impairment as compared to healthy individuals. Quantitative robotic assessment may prove 

to be useful in the future for providing specific information to improve therapeutic 

decision-making, with the ultimate goal of improving patient care. Future work will be 

concerned with identifying the relationship between robotic task performance and real-
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world correlates of disability such as the Barthel Index or the modified Rankin Scale. This 

will allow us to discuss our findings in a translational and clinically-relevant context. 
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Chapter 3 

Robotics and one-classification to detect neurological impairments 

associated with transient ischemic attack and migraine 

3.1 Abstract 

Transient ischemic attack (TIA) is a neurological event that is often difficult to clinically 

identify, given the absence of overt tissue injury, and yet can potentially lead to lasting 

neurological injury. Here, we explored the use of one-class support vector machines 

(OCSVM) for detecting abnormal patterns in robotic assessment data from people who had 

TIA, with the objective of distinguishing people who were diagnosed with TIA in a 

secondary care setting from individuals without known neurological injuries. We 

additionally assessed a cohort of migraineurs, who functioned in our study as an active 

control group for the TIA group. Robotic tasks tested either motor performance or 

integrated motor-cognitive skill in 38 to 48 people diagnosed with TIA, and 24 to 29 people 

diagnosed with migraine (depending on the task). OCSVM models were trained on data 

from large cohorts of healthy individuals that had been condensed using principal 

components analysis (PCA). PCA reduced the dimensionality of the Kinarm data by 50-

60%. After classification, the area under the receiver operating characteristic curve (AUC) 

was 0.513 to 0.648 (TIA) and 0.530 to 0.623 (migraine) for testing data. AUCs were 0.502 

to 0.629 (TIA) and 0.463 to 0.629 (migraine) for validation data.  
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3.2 Introduction 

Transient ischemic attack (TIA) can be difficult to detect in a clinical setting. The 

identification is predicated on symptoms being transient and/or not leaving evidence of 

injury on screening investigations such as magnetic resonance imaging (MRI). 

Unfortunately, lack of obvious tissue injury on MRI does not necessarily mean that an 

individual is spared adverse structural or functional changes to the brain (178). Bedside 

clinical assessment may not identify all neurological abnormalities; for example, the 

National Institutes of Health Stroke Scale (NIHSS) (179,180) can fail to detect clinical 

deficits despite the presence of ongoing neurological symptoms (59). Reliance on human 

raters also limits the number of domains that can be quantified, and the precision of the 

information captured.  

 Technological approaches such as robotics are becoming more widely researched 

as methods of neurological assessment in health and disease, and could potentially 

overcome the limitations mentioned above (79,80,181–184). The Kinarm (Kinarm, 

Kingston, ON, Canada) is one such device that has been used to quantify neurological 

impairments in individuals with stroke, concussion, critical illness, TIA, and other 

conditions (90,107,121,185). The Kinarm Standard Tests (KSTs) includes a suite of 

behavioural tasks that span upper limb sensory, motor and cognitive tasks, each generating 

15 to 20 measures of performance. While this provides considerable richness to quantifying 

specific impairments associated with an individual, the large number of variables across 

all tasks can be difficult to interpret. We have previously attempted to address this issue 

with some success using the Task Score (90,142), which is a means by which multivariate 

information can be statistically combined into a single performance metric. However, it is 
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possible that the statistical combination of multiple variables causes a loss of important 

information that could further contribute to the detection of abnormal performance. For 

example, there may be interactions between parameters making atypical performance for 

one measure only important if other measures are atypical. Supervised- and unsupervised 

machine learning techniques provide potential means by which to address these problems. 

 In the present study, we employed one-class support vector machines (OCSVM) 

(113,114) with principal components analysis (PCA) (186) to process data before 

classification (187), to determine if healthy controls could be differentiated from 

individuals who were diagnosed with TIA. Additionally, we assessed a group of 

migraineurs, in order to control for the psychological aspects of the examination process 

(e.g. experiencing alarming symptoms, attending the emergency department at a hospital, 

and receiving a diagnosis). We hypothesized, based on our previous study of 22 people 

diagnosed with TIA (90), that an OCSVM trained on data from a large database of healthy 

controls would be able to distinguish people who were diagnosed with TIA from healthy 

controls. We additionally hypothesized that people who were diagnosed with migraine 

would not be distinguishable from healthy controls, given the prevalence of migraine in 

the general population.  
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3.3 Methods 

3.3.1 Participants and clinical examination 

Individuals with TIA or migraine were recruited from the Kingston Health Sciences 

Centre stroke prevention clinic. Participants were diagnosed as TIA if they experienced 

transient, focal neurological symptoms of suspected vascular origin that left no indication 

of brain injury on computed tomography (CT) or diffusion weighted imaging (DWI). 

Participants were given the diagnosis of migraine or probable migraine based on the criteria 

of the International Classification of Headache Disorders 3rd edition (ICHD-3). Control 

participants were recruited using local classified advertisements and were assessed prior to 

the current study. Clinical participants were assessed using the National Institutes of Health 

Stroke Scale (NIHSS) to test for residual neurological dysfunction. This study was 

approved by the Queen’s University Research Ethics Board. All participants provided 

written, informed, consent prior to taking part in the study. All study methods were 

performed in accordance with relevant local guidelines and regulations. See Chapter 2.3.1 

for a rough guide to how participants were screened. Participants were provided a monetary 

stipend for taking part in our study. Experiments were performed in accordance with the 

Declaration of Helsinki. 

3.3.2 Robotic Assessment 

All participants performed behavioural tasks using the Kinarm Exoskeleton lab 

(Figure 3.1; Kinarm, Kingston, ON, Canada). To perform behavioural tasks, participants 

were seated, and placed their arms in troughs attached to adjustable mechanical linkages 

that permitted horizontal movements of the arms. A virtual reality system projected visual 
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feedback of the arm and environmental goals/objects aligned in the horizontal workspace. 

Participants had no direct vision of their arms.    

 The behavioural tasks we analyzed in this study were selected from the Kinarm 

Standard Tests (KSTTM) battery, including visually guided reaching (VGR) (141), reverse 

visually guided reaching (RVGR) (90,188), object hit (OH) (189), and object hit-and-avoid 

(OHA) (149). See Table 1 for detailed descriptions of each task. These 4 tasks were chosen 

because they represent unimanual (VGR, RVGR) and bimanual (OH, OHA) tests with- 

(RVGR, OHA) or without (VGR, OH) added cognitive constraints.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

60 

 

Table 6.5. Task descriptions. 

Task Description 

Visually guided 

reaching (VGR) 

VGR required participants to reach quickly and accurately from a central 

target to a sequence of 4 or 8 peripheral targets (141,158). This task tests 

the ability to make smooth and accurate reaches. The number of targets 

changed during the course of data collection; however, this was only done 

to reduce test time and the information conveyed in both variants of the 

task is comparable (158). 

Reverse visually 

guided reaching 

(RVGR) 

Similar to VGR except the white cursor representing the participant’s hand 

moved in the opposite direction of their hand (90,188). This task tests the 

ability to inhibit an automatic motor response. 

Object hit (OH) 

Participants had to hit as many virtual balls away from them as possible.  

Balls fell more quickly as the task progressed and the task lasted for a fixed 

amount of time (189). This task tests bimanual motor skill. 

Object hit and 

avoid (OHA) 

Participants had to hit two specific shapes (e.g. a vertical ellipse and a 

small square) and avoid 6 other distractors (149). This task tests rapid 

decision-making processes, notably attention and inhibition. 
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Figure 6.3. Kinarm and subset of Kinarm standard tests (KSTs). 

Overview of experimental setup and behavioural tasks A) The Kinarm exoskeleton lab. 

Participants are seated and move their arms in the horizontal plane. A virtual reality system 

projected the location of the hand and objects/goals in the horizontal workspace. B) 

Participants performed four tasks: Visually guided reaching (VGR), reverse visually 

guided reaching (RVGR), object hit (OH), and object hit and avoid (OHA). Note that VGR 

and RVGR are performed with each hand separately. For RVGR, the solid arrow denotes 

the direction of hand motion, whereas dashed arrow denotes direction of cursor motion.   
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3.3.3 Statistical analysis 

Each KST task generates multiple spatial and temporal measures of performance 

(“parameters”) that span different units of measurement (e.g. metres/second, centimetres), 

and thus, are not directly comparable. Raw parameter values were converted to Z-scores 

that adjusted for age, sex, handedness, and robotic platform by creating distributions of 

performance of healthy control participants used as controls in this study; n = 262 to 642. 

Note that these sample sizes indicate the number of individuals that completed each task. 

Additionally, we calculated two aggregate scores that reflect performance across all 

parameters in each task for a given individual. We refer to these as the Task Score, and the 

Mahalanobis Distance (190) Score, or M-Score. We have previously described the 

calculation of Z- and Task- Scores (90) (www.kinarm.com: Kinarm Standard Tests 

Summary, Rev 1). See also Figure A.1. For Task Scores and M-Scores, a score of 0 

represents the best performance and increasing values represent poorer performance. The 

quantiles of the Task Score/M-Score distribution generally follow the Normal distribution, 

so a score of 1.96 represents the expected performance of 95% of controls and values over 

1.96 represent impairment. During classification, we used the two-sided versions of the 

Task- and –scores (i.e. before conversion to one-sided metrics) to ensure that units and 

approximate scales were comparable across all variables.  

3.3.4 Classification 

We used one-class support vector machines (OCSVM) (114) for novelty detection 

with a linear kernel function for novelty detection. Data were divided as follows: 

Training/testing (80%) and external validation (20%); training/testing was further 

subdivided into training (80% of the original 80%, i.e. 64%) and testing (20% of the 

http://www.kinarm.com/
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original 80%, i.e. 16%). We tuned the ν hyperparameter of the OCSVM model, which 

controls the number of outliers permissible during training. We selected ν values that were 

as small as possible, and that led to the best trade-off between accuracy across clinical 

groups (TIA and migraine were compared to controls separately) and control groups. The 

objective function for tuning the selection of optimal hyperparameters was: 

𝐶𝑖 = (𝑎𝑐𝑐𝑐𝑙𝑖𝑛𝑖𝑐𝑎𝑙𝑖
− 𝑎𝑐𝑐𝑐𝑜𝑛𝑡𝑟𝑜𝑙 𝑖

)
2

+ (1 −
(𝑎𝑐𝑐𝑐𝑙𝑖𝑛𝑖𝑐𝑎𝑙 𝑖

+ 𝑎𝑐𝑐𝑐𝑜𝑛𝑡𝑟𝑜𝑙 𝑖
)

2
)

2

+ (𝜈𝑖)
2 (3.1) 

 

The penalty on ν reflects that we want a model with the smallest permissible outlier 

fraction, to promote identification of control participants.  

We performed a bagging approach to stably estimate accuracy before selecting an 

optimal value of ν. Individuals in the testing- or validation sets had their predicted labels 

tallied over 20 iterations, referred to as ‘bagging iterations’. New training- and testing sets 

were chosen at each bagging iteration (i.e. the 80% allotted to training and testing was split 

as mentioned above), but validation sets were held constant until all 20 bagging iterations 

were complete. Then another validation set was chosen, and the process repeated.  

We additionally calculated individual accuracy for each participant over bagging- 

and validation set iterations; that is, the frequency that each individual was classified 

correctly out of 400 (20 validation sets * 20 bagging iterations) unique test set iterations. 

For plotting purposes, we used a threshold of ≥50%; this provided a good balance of filled 

versus empty cells based on visual inspection of several thresholds between 50% and 80% 

(data not shown). 
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3.3.5 Principal components analysis 

We used principal components analysis (PCA) to reduce the dimensionality of the 

Kinarm datasets in order to prevent overfitting (e.g. the migraine dataset has only 29 

observations, and OHA – the task with the most variables – has 22 parameters). All 

analyses were performed using functions available in scikit-learn ver. 0.22 for Python 3.7. 

In the following section, for ease of notation, we denote matrices with capital bold letters, 

vectors as small bold letters, and constants as italicized small letters.  

The PCA implementation used a truncated SVD approach (191), in which a pre-

specified number n eigenvectors are computed from a matrix of training data X with p 

dimensions and d observations (i.e. X is d x p): 

𝐓 = 𝐔𝐒 = 𝐗𝐕           (3.2) 

U is the matrix of the left singular vectors of the SVD of X, V is the matrix of right singular 

vectors of the SVD of X, S is the matrix of singular values of the SVD of X, and T is the 

matrix of n principal components with d rows of observations. For n < p, this can also be 

represented as:  

𝐓𝑛 = 𝐔𝑛𝐒𝑛              (3.3) 

The inverse transform of X to an n-dimensional space can be computed as:  

𝐁𝑛 = [𝐓𝑛
T ∙ 𝐗T]

T
              (3.4) 

Where the matrix Bn is the inverse mapping of X to the desired n-dimensional space, the 

superscript ‘T’ denotes the transpose and the (∙) operator indicates the dot product. In 

situations described below, Bn corresponds to the control participants’ data training after 

being embedded in a lower-dimensional space than the original feature space. Furthermore, 

the mappings Tn can be applied to a new matrix Z, as long as Z is h x p (i.e. the same 
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number of columns as X, although the number of testing observations h does not 

necessarily need to equal d). Here, Z refers to either the test- or validation-set (i.e. control 

data used for test/validation, TIA, or migraine data) for simplicity of notation, even though 

test- and validation sets are functionally distinct entities during classification. This inverse 

transform of Z into Tn space, that we will refer to as En, can finally be computed as follows: 

𝐄𝑛 = [𝐓𝑛
T ∙ 𝐙T]

T
         (3.5) 

In the present study En functions as data embedded into a reduced-dimensionality space 

for testing- and validation.  

We used PCA to pre-process all the data from the Kinarm assessments as follows: 

i) performing PCA on control training set data to obtain Bn, and ii) transforming control-, 

TIA-, and migraine data subsets to obtain En as appropriate. We captured the minimal n 

principal components of each task that contributed at least 90% of the variance of the 

controls’ data for that task. For example, if 3 components contributed 88%, 4 components 

contributed 93%, and 5 components contributed 98%, we would use 4 components as that 

is the minimum number required to capture 90% or more of the variance in the data. The 

threshold of 90% was decided upon by inspecting training/testing set classification 

performance and also inspecting the number of components in the solution. Note that the 

external validation set performance was not considered in this process, in keeping with the 

validation set being external to model selection in all ways. Thresholds of variance 

considered were 85, 90, and 95% of total variance, respectively. The 85% case dramatically 

impacted training/testing performance whereas the 95% led to an increase in the number 

of components without a corresponding improvement in model performance (data not 
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shown). Therefore, the 90% variance threshold was chosen as a compromise between good 

performance and effective dimensionality reduction.  

3.4 Results 

Forty-eight individuals were recruited after being diagnosed with TIA and 29 

individuals were recruited after being diagnosed with migraine. See Table 3.2 for a brief 

summary of demographic and clinical information. Participants in the TIA cohort were 

(median [IQR]) 69.4 [15.3] years old and those in the migraine cohort were 60.0 [14.5] 

years old. Three individuals had NIHSS score >0; two in the TIA group (NIHSS={2,4}) 

and one in the migraine group (NIHSS=1). These were included because scores were 

caused by symptoms unrelated to the incident clinical events. Diffusion-weighted imaging 

(DWI) or computed tomography (CT) in all individuals was negative for relevant lesions. 

In the TIA cohort, 93% were right-handed and 46% were female. In the migraine cohort, 

94% were right-handed and 54% were female. As stated in the Methods, analyses of 

control, TIA and migraine cohorts were adjusted for age, sex and handedness.  
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Table 6.6. Participant demographics 

 TIA Migraine 
Control 

VGR RVGR OH OHA 

N 48 28 456 260 647 532 

Age* (mean ± SD) 68.9±10.8 60.9±12.9 45.3±20.4 39.3±18 47.1±20.3 47.0±20.1 

% Right-handed* 93 94 89.0 88.5 89.3 89.5 

% Female* 46 54 56.8 55.7 55.5 53.5 

NIHSS (n>0, 

[scores]) 
2, [2,4]† 1, [1]† NA, [NA] NA, [NA] NA, [NA] NA, [NA] 

*Z-scores used in classification analyses are adjusted for age, sex, and handedness, and so 

statistical differences in age or proportion of sex or handedness were not tested for. †NIHSS 

scores >0 were permitted in these instances because the scores were not related to the event 

in question. 

 

 

3.4.1 Principal components analysis (PCA) 

Kinarm data contain a large number of dimensions compared to the number of observations 

that are typically considered (range in this study: 11 to 22 parameters per task). Therefore, in order 

to mitigate possible overfitting, we performed PCA prior to classification. PCA results are 

presented in Tables 3.3-3.9. Briefly, the first PCs of each task accounted for 27.4-58.4% of overall 

variance, with the highest values being found in RVGR (both arms) and the lowest values being 

found in OH and OHA. Task- and/or M-scores typically loaded onto the first PC across all tasks. 

Interestingly, in OH and OHA, the M-Score loaded onto the 5th and 6th components, respectively, 

with a magnitude >|0.70|. In VGR, PC1 had moderate- to high loadings for Task-/M-Score, initial 

direction angle, initial distance ratio, and speed maxima count. PC1 of OHA had moderate- to high 

loadings for Task Score, object processing rate, and target hits total. PC1 of OH had moderate- to 

high loadings for Task Score, hand speed left- and right, and movement area left- and right. Finally, 

PC1 of RVGR had moderate- to high loadings for Task-/M-score and initial direction angle. For 

other PCs across all tasks, see Tables 3.4-3.9. 
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Table 6.7 Variance accounted for by each principal component 

 PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 

VGR-ND/A 37.5 27.6 13.4 5.9 5.0 4.0    

VGR-D/UA 39.4 27.5 11.5 6.1 5.0 3.9    

OHA 27.4 18.8 15.1 9.5 6.3 5.1 3.7 2.7 2.4 

OH 27.5 19.8 16.9 8.2 6.9 4.5 3.8 3.1  

RVGR-

ND/A 

54.4 16.9 9.2 5.4 3.8 3.6    

RVGR-

D/UA 

58.4 15.0 9.2 4.5 3.8     

‘PC’ = principal component. 

Table 6.8 VGR-ND parameter loadings 

 PC1 PC2 PC3 PC4 PC5 PC6 

M-Score 0.444 0.139 0.182 0.006 0.335 0.359 

Task Score 0.488 0.088 0.093 -0.021 0.136 0.116 

Initial direction angle 0.332 -0.130 0.062 0.147 -0.871 0.141 

Initial distance ratio -0.426 -0.035 0.297 -0.090 0.095 0.331 

Max speed -0.047 -0.547 -0.088 -0.037 0.081 -0.226 

Min-max speed difference 0.234 -0.412 -0.104 -0.306 0.095 0.14 

Movement time 0.140 0.496 -0.156 -0.114 -0.011 0.223 

Path length ratio 0.223 -0.395 -0.116 -0.347 0.099 0.238 

Posture speed 0.156 -0.248 0.396 0.727 0.214 0.002 

Reaction time 0.221 0.122 0.599 -0.406 -0.022 -0.604 

Speed maxima count 0.270 0.090 -0.542 0.220 0.172 -0.432 

‘PC’ = principal component. Loadings are indicated as x ≥ 0.40 or 0.40 > x ≥ 0.30. 

 

Table 6.9 VGR-D parameter loadings 

 PC1 PC2 PC3 PC4 PC5 PC6 

M-Score 0.447 0.097 0.172 0.158 0.361 -0.458 

Task Score 0.481 0.080 0.102 0.053 0.110 -0.139 

Initial direction angle 0.319 -0.134 0.069 -0.277 -0.734 -0.084 

Initial distance ratio -0.446 -0.068 0.217 -0.146 0.292 -0.439 

Max speed -0.054 -0.525 -0.134 -0.040 0.195 0.229 

Min-max speed difference 0.238 -0.426 -0.080 -0.183 0.098 -0.117 

Movement time 0.137 0.489 -0.096 -0.156 -0.054 -0.187 

Path length ratio 0.219 -0.417 -0.083 -0.304 0.124 -0.217 

Posture speed 0.114 -0.254 0.427 0.721 -0.143 0.077 

Reaction time 0.179 0.122 0.626 -0.420 0.264 0.541 

Speed maxima count 0.311 0.112 -0.542 0.161 0.279 0.354 

‘PC’ = principal component. Loadings are indicated as x ≥ 0.40 or 0.40 > x ≥ 0.30. 
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Table 6.10 OHA parameter loadings 

 PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 

M-Score 0.286 0.020 0.050 -0.243 0.180 0.719 0.078 -0.008 -0.13 

Task Score 0.352 -0.057 0.022 -0.176 0.071 0.291 0.005 0.133 0.005 

Distractor hits left 0.131 0.342 -0.122 -0.186 -0.083 -0.110 0.094 0.026 -0.052 

Distractor hits right 0.134 0.356 -0.083 -0.185 0.043 -0.146 -0.016 -0.068 -0.074 

Distractor hits total 0.147 0.387 -0.114 -0.201 -0.029 -0.138 0.044 -0.021 -0.072 

Distractor proportion 0.209 0.358 -0.114 -0.141 -0.031 -0.139 0.039 -0.014 -0.106 

Hand bias hits 0.015 0.129 0.458 0.027 0.274 -0.016 0.102 0.319 -0.036 

Hand selection overlap -0.020 0.131 -0.075 0.366 -0.024 0.022 0.881 -0.065 0.037 

Hand speed bias 0.045 0.107 0.495 -0.030 0.141 0.061 0.123 -0.325 -0.023 

Hand speed left -0.232 0.261 -0.201 0.139 -0.002 0.248 -0.158 0.045 -0.113 

Hand speed right -0.220 0.330 0.074 0.158 0.086 0.034 -0.220 0.010 -0.070 

Hand transition 0.002 -0.121 -0.363 -0.026 0.384 -0.061 0.006 -0.428 0.082 

Median error -0.224 -0.152 0.052 -0.116 0.000 -0.102 0.087 -0.064 -0.918 

Miss bias -0.018 0.010 -0.031 -0.034 -0.724 0.194 0.062 0.235 -0.017 

Movement area bias 0.041 0.080 0.428 -0.027 -0.314 -0.004 -0.067 -0.527 0.071 

Movement area left hand -0.150 0.224 -0.162 0.344 0.166 0.300 -0.066 0.081 -0.069 

Movement area right hand -0.137 0.283 0.121 0.348 -0.080 0.181 -0.212 -0.194 0.003 

Object processing rate -0.339 -0.122 0.049 -0.159 0.027 0.131 0.129 0.033 0.017 

Objects hit total -0.279 0.226 -0.034 -0.374 0.031 0.014 0.087 -0.003 0.149 

Target hits left -0.297 -0.044 -0.178 -0.269 -0.125 0.231 0.085 -0.313 0.082 

Target hits right -0.296 0.092 0.218 -0.185 0.166 -0.100 0.051 0.316 0.167 

Target hits total -0.356 0.026 0.026 -0.271 0.030 0.066 0.086 0.006 0.145 

‘PC’ = principal component. Loadings are indicated as x ≥ 0.40 or 0.40 > x ≥ 0.30. 

 

Table 6.11 OH parameter loadings 

 PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 

M-Score 0.268 0.204 0.043 0.191 0.709 -0.116 0.135 0.136 

Task Score 0.408 0.094 0.048 0.063 0.283 0.033 0.057 0.216 

Hand bias hits -0.119 0.269 0.359 -0.299 0.178 0.212 0.262 -0.005 

Hand selection overlap -0.234 0.189 -0.167 0.024 -0.194 -0.358 0.663 0.298 

Hand speed bias -0.062 0.173 0.450 -0.074 0.093 -0.313 0.146 -0.634 

Hand speed left -0.354 0.075 -0.249 0.109 0.301 0.210 -0.211 0.075 

Hand speed right -0.417 0.154 -0.017 -0.010 0.212 0.174 -0.210 -0.262 

Hand transition 0.084 -0.251 -0.376 -0.238 0.146 -0.394 -0.030 -0.346 

Median error -0.163 -0.388 0.164 0.034 0.028 -0.006 0.257 0.018 

Miss bias 0.019 0.104 0.038 0.780 -0.192 0.248 0.195 -0.285 

Movement area bias -0.056 0.159 0.421 0.172 -0.134 -0.463 -0.432 0.299 

Movement area left hand -0.315 0.155 -0.285 0.028 0.192 -0.071 0.149 -0.016 

Movement area right hand -0.372 0.254 -0.056 0.103 0.007 -0.266 -0.188 0.144 

Target hits left -0.088 -0.447 0.024 0.327 0.221 -0.272 -0.004 -0.030 

Target hits right -0.254 -0.262 0.319 -0.162 0.072 0.243 0.099 0.214 

Target hits total -0.207 -0.419 0.200 0.107 0.188 -0.023 0.039 0.114 

‘PC’ = principal component. Loadings are indicated as x ≥ 0.40 or 0.40 > x ≥ 0.30. 
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Table 6.12 RVGR-ND parameter loadings 

 PC1 PC2 PC3 PC4 PC5 

M-Score 0.462 0.028 0.408 -0.028 0.398 

Task Score 0.396 0.065 0.105 -0.011 0.061 

Correction time 0.287 -0.142 -0.322 -0.287 -0.246 

Direction errors 0.236 -0.187 -0.482 -0.122 -0.201 

Initial direction angle 0.385 -0.053 -0.108 0.149 0.172 

Initial distance ratio -0.227 -0.242 0.117 -0.201 0.149 

Initial speed ratio -0.255 -0.079 0.352 -0.073 0.138 

Max speed -0.042 -0.523 0.023 0.034 -0.040 

Min-max speed difference 0.156 -0.426 0.259 -0.027 0.022 

Movement time 0.193 0.380 -0.006 -0.090 0.148 

Path length ratio 0.280 -0.389 0.141 -0.187 -0.030 

Posture speed 0.104 -0.089 0.254 0.704 -0.515 

Reaction time 0.078 0.238 0.429 -0.510 -0.611 

Speed maxima count 0.263 0.237 -0.013 0.183 -0.045 

‘PC’ = principal component. Loadings are indicated as x ≥ 0.40 or 0.40 > x ≥ 0.30. 

 

Table 6.13 RVGR-D parameter loadings 

 PC1 PC2 PC3 PC4 PC5 

M-Score 0.548 0.024 0.552 0.209 0.398 

Task Score 0.405 -0.043 0.075 0.023 0.061 

Correction time 0.244 0.105 -0.335 -0.113 0.188 

Direction errors 0.144 0.153 -0.499 0.040 0.198 

Initial direction angle 0.345 0.056 -0.210 0.079 -0.222 

Initial distance ratio -0.184 0.252 0.245 -0.001 0.304 

Initial speed ratio -0.232 0.116 0.331 -0.044 -0.09 

Max speed -0.007 0.520 0.033 -0.023 0.075 

Min-max speed difference 0.153 0.426 0.000 -0.243 -0.156 

Movement time 0.213 -0.396 0.011 0.018 0.099 

Path length ratio 0.280 0.353 -0.041 -0.310 -0.067 

Posture speed 0.141 0.181 0.217 0.348 -0.689 

Reaction time 0.108 -0.233 0.227 -0.807 -0.175 

Speed maxima count 0.265 -0.249 -0.114 0.068 -0.254 

‘PC’ = principal component. Loadings are indicated as x ≥ 0.40 or 0.40 > x ≥ 0.30. 
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3.4.2 Individual classification performance 

 We compared Task Scores and test-set individual accuracies in TIA (Figure 3.2) 

and migraine (Figure 3.3). We observed varying amounts of visual agreement between 

abnormality detection using the Task Score alone and the OCSVM classifier (when we set 

the threshold for the heatmaps at minimum of 50% accuracy). The largest divergence 

between Task Score and OCSVM performance can be found in OH and OHA. Only a small 

number (1/48) of people in the TIA cohort failed OHA (i.e. Task Score > 1.96); however, 

17/48 individuals were classified with ≥50% accuracy in the TIA group. Individualized 

detection rates were higher for OH; 25/48 were detected with ≥50% accuracy, whereas 

4/48 were detected using the OH Task Score. In migraineurs, OH and VGR-D had the 

greatest divergence between Task Score and OCSVM detection. Task Score impairment 

rates were 3/29 in VGR-D and 0/29 for OH; using the OCSVM approach, these numbers 

were 12/29 and 14/29, respectively.  
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Figure 6.4. TIA group individual accuracies and Task Scores.  

Task Scores and individual accuracies for each participant in the TIA group. Top: Task 

Scores are indicated with darkening shades of red if they are ≥1.96. Task Scores are 

coloured white if they are less than 1.96. Bottom: Individual accuracies are indicated with 

darkening shades of red if they are ≥0.50. Participants are arrayed on the x-axis in no 

particular order. Missing values are filled with grey. 
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Figure 6.5. Migraine group individual accuracies and Task Scores. 

Task Scores and individual accuracies for each participant in the migraine group. Top: Task 

Scores are indicated with darkening shades of red if they are ≥1.96. Task Scores are 

coloured white if they are less than 1.96. Bottom: Individual accuracies are indicated with 

darkening shades of red if they are ≥0.50. Participants are arrayed on the x-axis in no 

particular order. Missing values are filled with grey. 
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3.4.3 Group classification performance 

 We were interested in quantifying how our OCSVM-based approach performed by 

comparison to the Task Score alone. Summaries of AUCs for Task Scores and OCSVM 

classification are presented in Table 3.3, and a graphical summary is provided in Figure 

3.4. OCSVM analyses generally did not lead to an improvement in classification 

performance of TIA vs control participants, except for the OH task (AUC = 0.576 for 

OCSVM; AUC = 0.485 for Task Score). In contrast, in the migraine group, the OCSVM 

approach could distinguish better than the Task Score, except for RVGR-D (in which the 

difference was small). OCSVM AUC in the validation sets was generally lower than in the 

test sets, with RVGR having the best overall performance across TIA- and migraine groups 

(AUC all >0.600, except for RVGR-D in the migraine group in which it was 0.598) with a 

slight reduction in most cases in AUC compared to test sets. The best validation set AUCs 

were 0.641 for TIA (in RVGR-A) and 0.614 for migraine (in RVGR-ND). The worst for 

TIA was OHA (0.492) and the worst for migraine was VGR-D (0.500).  
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Table 6.14 Area under the receiver operating characteristic curve 

Task 

TIA vs. Control Migraine vs. Control 

Testing* Validation* 
Task 

Score 
Testing* Validation* 

Task 

Score 

VGR-ND/A 0.538 ± 0.036 0.502 ± 0.100 0.612 0.577 ± 0.034 0.479 ± 0.109 0.500 

VGR-D/UA 0.558 ± 0.033 0.549 ± 0.082 0.612 0.530 ± 0.037 0.463 ± 0.071 0.508 

OH 0.576 ± 0.023 0.563 ± 0.056 0.485 0.540 ± 0.034 0.493 ± 0.088 0.510 

RVGR-ND/A 0.648 ± 0.045 0.629 ± 0.111 0.658 0.623 ± 0.036 0.629 ± 0.096 0.614 

RVGR-D/UA 0.648 ± 0.037 0.624 ± 0.094 0.711 0.613 ± 0.032 0.598 ± 0.129 0.629 

OHA 0.513 ± 0.031 0.538 ± 0.093 0.508 0.531 ± 0.038 0.495 ± 0.100 0.466 

*Testing and validation values are presented as mean ± standard deviation. D = dominant 

arm, ND = non-dominant arm, A = affected arm, UA = unaffected arm. 
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Figure 6.6. Detection performance across all tasks for TIA and migraine groups.  

Receiver operating characteristic (ROC) area under the curve (AUC) in all tasks, in both 

TIA and migraine groups. TIA: Dark red boxes indicate mean AUC in the test performance, 

salmon boxes indicate mean AUC external validation set performance, and orange boxes 

indicate Task Score AUC. Migraine: Dark blue boxes indicate mean AUC in the test 

performance, light blue boxes indicate mean AUC in the external validation set, and 

medium-blue boxes indicate Task Score AUC. Both: Light brown dashed lines indicate 

random chance performance (ROC AUC = 0.5). Error bars indicate the standard deviation 

of ROC AUCs. See also Table 3.3 for numerical values. 
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3.5 Discussion 

 In this study, we sought to determine whether a machine learning approach 

combined with robot-assisted assessment could detect abnormalities in performance on 

behavioural tasks in individuals who experienced a transient neurological event (TIA or 

migraine). We identified that an OCSVM-based outlier detection approach was able to 

detect differences in performance between healthy individuals and those who had either 

TIA or migraine, primarily in tasks testing cognitive-motor integration or pure bimanual 

motor skill. We also demonstrated that there is considerable individual variability in 

detection accuracy.  

One of the main messages of the present work is that people who had TIA or 

migraine could be differentiated from healthy individuals using tasks that tested integrated 

cognitive-motor skill or bimanual motor ability. This is consistent with the results of our 

previous study on a smaller cohort of people who had TIA (90), who were included as a 

subset of the present TIA cohort. In the previous work, RVGR Task Scores identified many 

impairments whereas the OH Task Score identified none. The data presented here reinforce 

these previous findings: Task Score AUCs for RVGR were >0.600 for TIA and were, 

interestingly, >0.600 for migraine as well. By contrast, OH Task Score AUCs were near 

chance levels for both TIA (0.485) and migraine (0.510). OCSVM classification AUCs 

typically exceeded the Task Score AUCs in the training/testing case, if not in the validation 

case, in migraineurs; this was not the case after TIA. The most note-worthy difference was 

OH in the TIA group: OH OCSVM AUC was 0.576 in training/testing, and 0.563 in 

validation. The substantial increase in performance of the OH OCSVM classification for 

TIA compared to the Task Score could reflect that OH was designed to identify 



 

78 

 

impairments after stroke, in which overt phenomena such as movement asymmetry and 

visuospatial neglect often occur (192–196).  

The results of our PCA approach seem to agree to a reasonable extent with the last 

publication that examined the use of PCA with Kinarm data (197). For example, in both 

the previous study and the current one, in the OHA task, there was a strong grouping of 

parameters related to participants hitting distractors, although in the previous study this 

was in the first principal components, whereas in the present work, it was in the second 

principal component. The methodology of the previous study and the current one differ in 

that the present work included both Task- and M-scores (‘aggregates’ for brevity) in the 

analysis, whereas the previous study did not. We chose to include these variables because 

we were interested in understanding the ability to classify participants using all Kinarm 

data, including both parameters and aggregates. It is quite clear from the present study that 

the loadings of the aggregates typically 1) occurred on the first principal component, and 

2) dominated the other loadings on that component. Given that the aggregates are 

comprised of the other parameter scores, this is not necessarily surprising. However, it 

provides an interesting perspective on the parameters that were most strongly-related to the 

aggregate scores. For example, in RVGR-D, the aggregates loaded onto the first 

component, as did initial direction angle (granted, the loading for the latter was moderate 

and between 0.30-0.40). This suggests that this variable is the most collinear with the 

aggregate metrics. In a way, this is a sort of feature importance metric with respect to the 

PCA results and sheds some light on which variables might be the most important for 

classifier performance, which we could not directly evaluate in this study because of the 

condensation of the data using PCA. Nevertheless, alternate approaches will have to be 
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taken to evaluate parameter importance in the context of classification in future studies. 

The current study offers tantalizing insight into the ways that parameters might naturally 

group in healthy controls that could be exploited in future hypothesis-driven studies.  

The high AUC of the RVGR Task Scores may indicate that this metric contains 

sufficient information to separate TIA from control in the RVGR task. This is potentially 

a result of having too many dimensions in the input space of the classifier for the number 

of observations, even after using PCA as a preprocessing step. However, given that so 

many people from the TIA group were impaired on the RVGR Task Score, it is likely that 

this metric was driving the signal and other features contributed noise. We noted that the 

first principal component of the RVGR PCA (both arms) exceeded 54% variance 

explained, and was loaded strongly by both Task- and M-scores. This is a substantially 

greater amount of variance explained than was observed by Wood and colleagues in RVGR 

in healthy controls (197). While some of this difference may be related to the dataset itself 

(Wood and colleagues used a slightly smaller group of controls who performed the task on 

the Kinarm Endpoint robot exclusively), the previous work also did not include Task- or 

M-scores in any analyses. Thus, it is possible that the inclusion of the Task- and M-scores 

in the present study contributed to this change in the variance explained, and could also 

explain why the OCSVM did not outperform the standard Task Score, even after PCA data 

reduction.  

We observed that there was substantial heterogeneity at an individual level in 

classification performance, which could partially explain some of the classification results. 

For example, RVGR classification AUCs were around 0.60-0.65, on par with the Task 

Score AUCs. Approximately half of individuals in the TIA cohort were not classified 
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correctly very frequently on this task. This suggests that, in OCSVM feature space, they 

lay quite close to the boundary between classes, and are subject to inclusion/exclusion from 

each class with repeated sampling. This is a strength of using a bagging approach, 

particularly for OCSVMs where the class boundary is exquisitely sensitive to overfitting 

(198). However, it also raises the question of whether the classifier approach would 

perform better with more carefully-delineated clinical groups.  

The additional cognitive loads in tasks like RVGR (188) may test a wider range of 

brain networks than purely motor tasks like VGR, making them more sensitive to 

disturbances in white matter and wider brain networks, and therefore better as behavioural 

biomarkers of impairment after TIA or migraine. The requirement of attending to multiple 

areas of the workspace when performing a bimanual motor task, such as OH, as compared 

to a unimanual task, such as VGR, may also require a greater degree of distributed neural 

processing. After TIA, it has been observed that information processing speed is decreased 

(170,199) and attention ability can be impaired as well (147). These previous findings have 

implications both for cognitive-motor tasks such as RVGR and bimanual motor tasks such 

as OH, respectively. Slower rapid alternating movements, impaired bimanual coordination 

(200), and impaired information processing has additionally been demonstrated in 

migraineurs (201); however, only RVGR performed well for distinguishing migraineurs 

from healthy individuals in this study. Long-range white matter connections are known to 

be disturbed in TIA and migraine, and can affect cognition in a variety of ways (47,202–

204). Migraine may also lead to an impaired ability to integrate somatosensory feedback 

(205). TIA and migraine could both cause vascular pathology that impacts cognition 

(206,207). The influence of these prior observations on the ability to separate TIA or 
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migraine from healthy individuals behaviourally might additionally require further study 

with more detailed analyses of trial-level movements in both of these populations, which 

was beyond the scope of the present study.  

 Our study has some limitations. One is that the relatively small sizes of our clinical 

cohorts limited the ability to directly compare TIA and migraine, and may have prevented 

us from developing truly robust models of performance on the tasks tested here. Small 

sample size also limited our ability to make stronger conclusions about the importance of 

individual task parameters, as did our use of PCA as a dimensionality reduction tool. We 

additionally could not stratify participants in the TIA or migraine cohorts into clinical 

subtypes as a result of sample size. Doing so might facilitate future clustering-based 

approaches to novelty detection (208). The nature of reshuffling the data when choosing 

new validation sets results in all participants eventually being included in both the testing 

and validation sets given enough time. Larger study cohorts would allow us to comment in 

greater depth on the relationship between clinical and robotic variables and how this relates 

to classification performance. It was not possible to comment on migraine/TIA history in 

either cohort, nor was it possible to control for changes in neurological state between 

diagnosis and assessment. It was also not possible to determine the true neurological 

history of the healthy control groups; given the prevalence of migraine in the general 

population, it is very likely that at least a subset of the control group have had migraines 

before. Future studies should control for this. However, the migraineurs in the present study 

likely had severe presentations, hence the individuals’ choices to attend the emergency 

department out of likely concern. Future studies using much larger datasets could leverage 

incremental PCA and/or SVM to avoid re-training every time new data are added (209). 
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Our OCSVM used a linear kernel to promote generalization as compared to the popular 

Gaussian kernel that is prone to overfitting (198); while this aids generalization for small 

samples, it could potentially impair precise delineation of control distributions. It is likely 

that more well-defined clinical groups would allow the use of a kernel function that more 

tightly adheres to class boundaries, facilitating an improvement in performance. Although 

we investigated classification accuracy for each individual, it is unclear how we could 

further extract information regarding individualized feature weights as can be done using 

neural networks (127). Our PCA-based dimensionality reduction approach further 

impacted our ability to draw conclusions about the importance of each parameter. This is 

a potential barrier to providing a fully interpretable OCSVM-based solution that should be 

addressed to further increase the interpretability of future findings at an individual level.  

3.6 Conclusions 

 This study used an OCSVM-based classification approach to detect subtle 

abnormalities in quantitative Kinarm robotic assessment tasks in individuals who had TIA 

or migraines. We identified that this approach could detect abnormalities in cognitive-

motor task performance and bimanual motor task performance. Future studies should focus 

on expanding the sizes of these clinical cohorts and focus more closely on individual 

clinical endotypes.  
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Chapter 4 

Statistical measures of motor, sensory and cognitive performance across 

repeated robot-based testing 

4.1 Abstract 

Background: Traditional clinical assessments are used extensively in neurology; however, 

they can be coarse, which can also make them insensitive to change. Kinarm is a robotic 

assessment system that has been used for precise assessment of individuals with 

neurological impairments. However, this precision also leads to the challenge of 

identifying whether a given change in performance reflects a significant change in an 

individual’s ability or is simply natural variation. Our objective here is to derive confidence 

intervals and thresholds of significant change for Kinarm Standard TestsTM (KST). 

Methods: We assessed participants twice within 15 days on all tasks presently available in 

KST. We determined the 5-95% confidence intervals for each task parameter, and derived 

thresholds for significant change. We tested for learning effects and corrected for the false 

discovery rate (FDR) to identify task parameters with significant learning effects. Finally, 

we calculated intraclass correlation of type ICC(3,1) (ICC-C) to quantify consistency 

across assessments. 

Results: We recruited an average of 56 participants per task. Confidence intervals for Z-

Task Scores ranged between 0.61 and 1.55, and the threshold for significant change ranged 

between 0.87 and 2.19. We determined that 4/11 tasks displayed learning effects that were 

significant after FDR correction; these 4 tasks primarily tested cognition or cognitive-

motor integration. ICC-C values for Z-Task Scores ranged from 0.26 to 0.76.  



 

84 

 

Conclusions: The present results provide statistical bounds on individual performance for 

KST as well as significant changes across repeated testing. Most measures of performance 

had good inter-rater reliability. Tasks with a higher cognitive burden seemed to be more 

susceptible to learning effects, which should be taken into account when interpreting 

longitudinal assessments of these tasks.    

Keywords: Robotics, inter-rater reliability, intraclass correlation, confidence interval 
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4.2 Introduction 

Clinical assessment tools provide a foundation for the healthcare system, guiding 

patient care as well as demonstrating the benefits of novel therapeutic interventions to 

ameliorate the effects of disease or injury. Many advances have been made to improve 

clinical assessment tools, such as improved imaging techniques and novel blood-based 

biomarkers (5,210). However, assessment of brain function continues to rely largely on 

physical or visual inspection of the patient by a clinician. Such approaches often use coarse 

scales to ensure similar scores across clinicians, and also commonly have floor and ceiling 

effects (59,211). 

Interactive robotic systems have been used for many years for basic research to 

quantify upper limb sensorimotor function and provide an objective approach for 

quantifying neurological impairments (79,212–214). These tools typically have higher 

sensitivity than traditional clinical instruments (81,215). One such tool is the Kinarm 

robotic platform (Kinarm, Kingston, ON, Canada) and its associated Kinarm Standard Test 

(KST)™ battery that quantifies upper limb sensory and motor functions, as well as 

cognition (90,141,145,149,150,189). Each task generates a large number of parameters that 

describe spatial and temporal features of behaviour.  

These robotic technologies provide considerable granularity in measuring 

performance, but this leads to the question of whether a change in performance reflects an 

actual change in an individual’s ability to perform a given task or is simply because of 

natural variability. For example, has performance improved significantly if an individual’s 

reaction time gets faster by 5% on a follow-up assessment? Additionally, does learning 

impact performance such that participants tend to be better when assessed a second time? 



 

86 

 

The answers to these questions require knowledge of the natural variability in performance 

and how repeat testing impacts performance.  

The objective of the present study is to quantify inter-test variability between 

assessments in KSTs. In the past we have collected large cohorts of healthy control 

participants that could be used to estimate performance variability directly, assuming that 

all individuals are equally capable at a given task. However, there are obvious differences 

in the ability of individuals to perform various sensory, motor and cognitive tasks (216–

219). Thus, our strategy is to compare performance across two repeated tests for a cohort 

of healthy control participants and estimate the confidence intervals of expected change 

based on the differences in performance between the two assessments. This approach will 

also allow us to determine if there are any learning effects between assessments. It will 

additionally provide benchmarks to use for future studies of significant change on objective 

robotic assessment variables. This has a wide range of potential applications, from 

providing a framework to quantify expected changes in novel robotic assessment tasks, to 

potentially assisting with quantifying the effects caused by therapeutic interventions for 

disease and comparing different clinical populations over time. 

4.3 Methods 

4.3.1 Participants  

 Participant recruitment was community-based (Kingston, ON, Canada), and we 

contacted individuals who had previously participated in Kinarm studies. Participants were 

excluded if they: 1) had any current, or previously diagnosed, neurological impairment, 2) 

they were incapable of understanding or properly completing the assessment protocol, or 

3) had any upper limb impairments that negatively affected their ability to perform the 
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required motor actions. This information was obtained from a brief interview detailing each 

participant’s medical history, performed to ensure eligibility. Prior to the robotic 

assessment, participants provided written consent. Participants in our database who had 

been assessed twice in a behavioural task who met the study’s inclusion criteria were also 

included in the cohort. Participants were provided a monetary stipend for taking part in our 

study. This study was reviewed and approved by the Queen’s University Research Ethics 

Board.   

4.3.2 Sample size ascertainment 

We performed a Monte Carlo simulation to obtain an estimated required minimum sample 

size of 50. Briefly, we sampled between N=5 and N=100 random values from a standard 

Normal distribution (mean=0, standard deviation=1) and calculated the variance of the 

mean and standard deviation estimated from each sample across 10,000 iterations. We 

observed stabilization of both the estimated mean and standard deviation at a sample size 

of approximately 50. The variance of the estimated value of the mean was within ±0.02 at 

a sample size of 50, and for comparison was within ±0.01 at a sample size of 100. The 

variance of the estimate of the standard deviation was within ±0.01 at a sample size of 50 

and for comparison was within ±0.005 at a sample size of 100. Thus, we selected 50 as our 

minimum sample size to obtain a reasonably stable result in the present study that was also 

feasible from a data collection perspective. 

4.3.3 Robotic Assessment  

 Robotic assessment for the study was conducted on the Kinarm exoskeleton robotic 

platform (Kinarm, Kingston, ON, Canada). Participants were seated and their arms were 

placed in troughs attached to each arm that supported both the upper- and lower segments 
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of the arms, providing full anti-gravity support. The arm troughs and seat height were 

adjustable to ensure that participants were comfortable and able to move their arms 

throughout the horizontal workspace (Figure 4.1). Vision of the participant’s hands was 

obscured by a physical barrier; visual feedback of the hand(s) and objects was provided by 

a virtual reality system that was aligned with the workspace. 

Participants performed each of the 8 tasks presently available in the KST battery. 

Detailed task descriptions are presented in Table A.1. Note that 3 tasks were assessed 

independently in each arm: PM, RVGR, and VGR had ‘-D’ (‘dominant arm’) and ‘-ND’ 

(‘non-dominant arm’) assessments. Thus, the 8 tasks yielded a total of 11 behavioural 

assessments. For this study, participants were evaluated on each task twice, each time by a 

different experienced Kinarm operator. Examinations were completed within 15 days of 

each other, and commonly on the same day.  
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Figure 6.7. Kinarm and Kinarm standard tests (KSTs). 

The Kinarm exoskeleton robot, tasks performed in this study, and characteristics of the 

Task Score distribution. A) Participants were seated and moved their arms in the horizontal 

workspace underneath a semi-transparent glass sheet. Tasks were projected onto the glass 

from above. Vision of the hands was obscured, however visual feedback was provided in 

most tasks. B) Participants completed 8 behavioural tasks testing motor, cognition-motor, 

cognitive, and sensory behavioural domains. VGR, RVGR, and APM were performed in 

each arm individually, yielding 2 datasets for each of these tasks. C) The Task Score 

cumulative density function (CDF) approximates that of the standard Normal distribution. 

A Task Score of 0 is the best, and increasing values reflect poorer performance. The 

distribution of Mahalanobis distance scores (M-Scores) is the same. 

 



 

90 

 

4.3.4 Data normalization and Task Scores 

Values for parameters were converted into Z-scores prior to analysis, to provide 

measures comparable across parameters (as opposed to varying units, e.g. seconds, 

metres/second). These Z-scores were additionally condensed down to Z-Task Scores and 

Z-M-Scores that aggregated all parameter Z-scores into convenient summaries of overall 

performance on a task. Z-score transforms for each task were developed from a large cohort 

of healthy control participants and consider the influence of age, sex, handedness, and 

robotic platform on performance (90,221). See also Figure A.1. Box-Cox equations were 

used to normalize the distributions. Before calculation of the Z-Task Score, parameter 

scores were first Normalized and converted to Z-scores by an iterative process of de-

skewing and outlier removal (observations |Z| > 3.29 were considered as outliers). We then 

used a transform (90) to convert the two-sided Z-Task Scores to “true” one-sided Task 

Scores. Z-Scores that had a one-sided impairment (e.g. numbers of objects hit in OH, where 

more was always better) were further standardized such that impairment was always 

considered to be a higher value. Mathematically, this was achieved by transforming the Z-

scores with one-sided impairment into “Zeta-scores”. This was necessary to ensure that 

values with impairments in opposing directions were represented equally. For example, 

hitting more objects in OH (higher Z-score) is always better, whereas a lower initial 

movement direction angle (lower Z-score) in reaching tasks is always better. This was 

mathematically achieved as follows: 

𝑍𝑒𝑡𝑎 = √2 ∙ 𝑒𝑟𝑓𝑐𝑖𝑛𝑣 (0.5 ∙ 𝑒𝑟𝑓𝑐 (
𝑍

√2
))     (4.1) 

Here, erfc refers to the complementary error function and erfcinv refers to its inverse 

(implemented in Matlab R2018a as erfc and erfcinv functions, respectively). Equation (1) 



 

91 

 

ensured that “good performance” was always represented by smaller values and “poor 

performance” was always represented by higher values. Z-scores with two-sided 

impairments were left alone (e.g. those pertaining to laterality in OH or OHA, where too 

much lateralization either to the left or to the right could represent impairment). Next, the 

root-sum square (RSS)-distance was derived: 

𝑟𝑠𝑠𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = √∑ 𝑍𝑖
2

𝑖 + ∑ 𝑍𝑒𝑡𝑎𝑗
2

𝑗       (4.2) 

This is effectively the Euclidean distance of all parameter Z-scores. The rssDistance was 

then converted to a Z-score using the Normalization procedures employed during 

parameter Z-score calculation, above. This value was referred to as the Z-Task Score. For 

the Z-M-Score, the distance function is not rssDistance, but Mahalanobis distance (190). 

Finally, the one-sided Task Score was calculated: 

𝑇𝑎𝑠𝑘 𝑆𝑐𝑜𝑟𝑒 = √2 ∙ 𝑒𝑟𝑓𝑐𝑖𝑛𝑣 (0.5 ∙ 𝑒𝑟𝑓𝑐 (
𝑍𝑇𝑎𝑠𝑘𝑆𝑐𝑜𝑟𝑒

√2
))    (4.3) 

 

4.3.5 Intraclass correlation  

We used intraclass correlation (ICC) correlation to statistically evaluate the 

relationship between first and second Kinarm assessment performances. ICC conveys the 

degree of self-similarity of elements within the same group (94,222,223) and is 

theoretically bounded between 0 and 1 (negative values can occur in practice). For the 

purpose of this study, the consistency ICC metric (ICC(3,1)) was used, which we refer to 

as ICC-C throughout. ICC-C is calculated as follows: 

𝐼𝐶𝐶(𝐶) =
𝑃𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦

𝑃𝑎𝑟𝑡𝑖𝑐𝑖𝑝𝑎𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦+𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡 𝑒𝑟𝑟𝑜𝑟
      (4.4)  

𝐼𝐶𝐶(𝐶) =
𝑀𝑆𝑆

𝑀𝑆𝑆+𝑀𝑆𝐸
          (4.5) 
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Where MSS is the mean square (MS) between subjects and MSE is the MS of remaining 

error. We additionally removed outliers prior to the calculation of the ICC-C, as per the 

following discussion in the next section. We used ICC-C as opposed to the ICC(2,1) 

“absolute agreement” ICC, because ICC(2,1) additionally accounts for systematic biases 

across assessments. We explicitly calculated learning effects, which are effectively 

systematic biases, in the present study, and so we chose not to additionally model them in 

the ICC calculation.  

 

4.3.6 Significant change across assessments and assessment confidence interval 

Significant change thresholds (SC) and confidence intervals (CI) were estimated by 

first computing the difference in performance between the first and second assessments 

and determining the variability of these difference scores. A parameter Z-score difference 

(i.e. the difference between first and second assessments) exceeding ±3.2 was considered 

an outlier, reflecting the fact that such a large difference should only be observed 1 in 1000 

data samples. These outliers were not included in any further calculations; however, we 

quantified the number of difference scores removed in this way. We then computed the 

standard deviation (SD) of the remaining difference scores, referred to as SDdiff.  

Determination of the SDdiff allowed the determination of both the CI and the SC. 

CIs were simply represented as CI = ±1.64 * SDdiff. The choice of 1.64 as the width of the 

CI signifies that only 5% of healthy subjects should display such a large increase or a large 

decrease in performance across repeat testing. This can also be considered as 

approximately the 90% one-tailed confidence interval, to reflect that the most common 

question under consideration will be whether or not a participant had improved or 
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deteriorated specifically (i.e., not the generalized question of whether someone had 

changed, in which case a two-tailed interval with a width of 1.96 would be more 

appropriate). The CI then led to the threshold for significant change (SC) in the following 

ways (101,104,105,144,224): 

𝑆𝐶 = √2 ∙ 𝐶𝐼         (4.6) 

𝑆𝐶 = √2 ∙ (±1.64) ∙ 𝑆𝐷𝑑𝑖𝑓𝑓        (4.7) 

Note that in situations in which only the pre- or post-test SD is known, and the SD of 

difference scores is not, the SDdiff may be replaced with SDpre*sqrt(1-ICC) = SDpost*sqrt(1-

ICC) (104,105).  

 

4.3.7 Learning Effects  

Learning effects were calculated by taking the difference between first and second 

assessment Z-scores. We used a paired-sample t-test with α = 0.05 for the test significance 

level. We performed comparisons with a large number of Kinarm variables and therefore 

we deemed it appropriate to correct learning effect p-values for multiple comparisons. The 

relatively high number of comparisons (> 150) means that a typical Bonferroni correction 

for family-wise error rate will be too conservative and falsely reject some of our findings 

as non-significant. Therefore, we report significance after correcting for false discovery 

rate (FDR) using the procedure developed by Benjamini and Hochberg (225). We indicate 

values that are less than 0.05 as well as those that remain significant after FDR correction.   

4.3.8 Simulations: CI, SC, and effect of Task Score transform on CI  

 We performed three simulations of 1) the probability that a participant is “truly 

impaired”, 2) that their score had “significantly changed” using the example of the 
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Reaction Time (RT) parameter of VGR, and 3) of the effects on the CI of the conversion 

of the Task Score from a two-sided metric (the “Z-Task Score”) to a one-sided metric (the 

“Task Score”).  

For 1) and 2), we fit a Gaussian curve to 7 500 uniformly sampled x values (from -

3.75 to +3.75, for plotting convenience) to simulate possible observations of the RT 

parameter, scaled either to the width of the CI or the SC. Finally, for 3), we wished to 

demonstrate the asymmetry induced in the CI of the one-sided Task Score by the inclusion 

of a CI in the two-sided Z-Task Score. Although we do not quantify these effects further 

in this study, and instead focus on the Z-Task Score for ease of interpretation, we believe 

that the consideration of the one-sided Task Score CI in the present works lays the 

groundwork for future studies to expand upon these ideas. We simulated n = 10 000 Normal 

random numbers with a mean of 0 and standard deviation of 1, to simulate potential Z-

Task Score values. See Data Normalization and Task Scores, above, for further detail on 

Task Score calculation. We additionally incorporated the CI into the Task Score 

calculation: 

𝑇𝑎𝑠𝑘 𝑆𝑐𝑜𝑟𝑒 ± 𝐶𝐼 = √2 ∙ 𝑒𝑟𝑓𝑐𝑖𝑛𝑣 (0.5 + 0.5 ∙ 𝑒𝑟𝑓𝑐 (
𝑍𝑇𝑎𝑠𝑘𝑆𝑐𝑜𝑟𝑒±𝐶𝐼

√2
))  (4.8) 

 

Our simulation employed a CI of ±1 for simplicity of plotting and interpretation. 

4.3.9 Accounting for intra-individual variability 

Finally, 3 tasks (PM, RVGR, and VGR) in the current KST battery rely on 

participants performing multiple trials at each assessment, which are then averaged to 

obtain each parameter Z-score. The difference between the true unobserved mean and the 

mean estimated across repeated trials adds to the variability in our calculations of SC. We 
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can estimate the influence of this intra-subject variability, and we refer to this as the intra-

subject error (IS error). First, we calculated the standard error of the mean (SEM) for each 

assessment separately and pooled these values across all individuals. The SEM is in the 

same units as SDdiff, so we calculated the final IS error by multiplying SEM by √2*1.64 so 

that it would be comparable to the SC (recall that SC = SDdiff * √2 * 1.64). Of the 3 tasks 

mentioned, we could extract trial-level information for RVGR, VGR, and PM. Twenty- 

and twenty-four, and twenty-five trials were performed for VGR, RVGR, and PM, 

respectively. 

4.4 Results 

4.4.1 Participant demographics 

 Demographics of all participants are summarized in Table 4.2. Data were collected 

from an average of 56 (range: 51-63) participants for each behavioural task. Fifty 

participants were specifically recruited for this study, whereas any additional numbers were 

from participants already existing in the database. All participants included in the present 

study completed their repeat assessments within 15 days. In total, 6 individuals had been 

previously assessed on a subset of the tasks presented in this work; thus, the present results 

for these individuals represent their second and third assessments. The intervals between 

previous assessments and those pertaining to the present work were [937, 482, 456, 426, 

363, 233] days. We allowed their inclusions because we expected that they did not retain 

enough information regarding the tasks being assessed to influence their results. 

Additionally, a total of 10 individuals had been previously assessed in the Kinarm but on 

different tasks, i.e. they used the device but did not do the same tests. The intervals between 

these previous assessments and those of the present study were [937, 426, 233, 34, 28, 19, 
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13, 13, 8, 7] days. Note that these individuals completed tasks that were not considered in 

the present study. We only include reference to these individuals because they had a 

previous experience with the Kinarm interface.  

 

Table 6.15: Demographics 

Task % Female 
% Right-

handed 

Age (median 

[min-max]) 

BOB 63 85 25.0 [18-83] 

OH 60 86 25.0 [18-83] 

OHA 62 85 25.0 [18-83] 

PM-D 65 86 24.0 [18-83] 

PM-ND 65 86 24.0 [18-83] 

RVGR-D 65 86 24.5 [18-83] 

RVGR-ND 65 86 24.5 [18-83] 

SPS 65 85 24.0 [18-83] 

TMT 65 86 25.0 [18-83] 

VGR-D 65 87 24.5 [18-83] 

VGR-ND 65 87 24.5 [18-83] 
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4.4.2 Significant change and confidence intervals 

 Table 4.3 displays the significant change and confidence intervals for Z-Task 

Score. Note that two Z-Task Score values were removed as outliers (one in each of PM-D 

and VGR-D). Significant change values ranged from 0.87 to 2.19, and the average 

significant change value was 1.51. Confidence intervals ranged from 0.61 to 1.55 for Z-

Task Scores, and the average confidence interval magnitude was 1.07.   

Significant change and confidence intervals for all task parameters are presented in 

Figure 4.2a with detailed tables located in the Supplemental Material (Tables A.6-A.16). 

The mean confidence interval was 1.12 with a range from 0.60 to 2.24. Only 6 values for 

confidence intervals were greater than 1.64, the value if there is no difference in skill or 

performance between individuals. Note that significant change values are simply 

confidence intervals multiplied by √2, and therefore they are implicitly shifted towards 

higher values.  

We additionally calculated IS error to understand the contribution of the variability 

across trials within the same assessment to the overall SC. We identified that IS values 

were typically on the order of 5-10% of the SC value (range of IS error to SC ratios: 

0.06/1.73, i.e. 3.4%, to 0.23/1.23, i.e. 18.7%), with the VGR-ND reaction time parameters 

being the highest and VGR-ND path length ratio being the lowest. We report all of these 

values in the Supplemental file as an additional column for each of the tables for RVGR-

D and RVGR-ND (Tables A.11 and A.12), and for VGR-D and VGR-ND (Tables A.15 

and A.16). 
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Figure 6.8. Cumulative sums of parameter metrics. 

Cumulative sums of parameter metrics. A) Confidence intervals sorted in ascending order. 

Reference line is at 1.65, which is the threshold for intervals larger than expected by chance. Thus, 

most confidence intervals are within a reasonable range. B) Learning effects sorted in ascending 

order. Approximately 60% of learning effects were negative, indicating a lower parameter Z-score 

at the second assessment than the first. C) ICC-C values plotted in ascending order. Approximately 

5% of each distribution were considered 'good' (>0.75) and approximately 50% were >0.50 (fair). 
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4.4.3 Learning Effects 

 Learning effects ranged from 0.27 to -0.78 for Z-Task Scores and the average 

learning effect was -0.23 (Table 3). Only OHA had a positive learning effect, i.e. Z-Task 

Scores got slightly higher (indicating poorer performance) in this task. Six Z-Task Scores 

had learning effects with p-values <0.05 prior to FDR correction: BOB, OHA, RVGR-D, 

RVGR-ND, SPS, and TMT. However, only 4 of them remained significant after correction 

for FDR: RVGR-D, RVGR-ND, SPS, and TMT.  

 

Table 6.16: Summary of data for Z-Task Scores only. 

Task 
Outliers 

Removed 

Significant 

Change 

Assessment 

Confidence 

Learning 

Effect 
LE p-value 

ICC 

Consistency 

BOB 0 1.33 0.94 -0.26 0.017 0.55 

OH 0 1.65 1.17 -0.18 0.15 0.49 

OHA 0 1.42 1.01 0.27 0.018 0.64 

PM-D 1 1.82 1.28 -0.01 0.95 0.29 

PM-ND 0 1.72 1.21 -0.01 0.94 0.36 

RVGR-D 0 1.34 0.95 -0.78* <10-4 0.70 

RVGR-ND 0 1.79 1.27 -0.67* <10-4 0.67 

SPS 0 1.48 1.04 -0.39* 0.0024 0.56 

TMT 0 0.87 0.61 -0.23* 0.0021 0.75 

VGR-D 1 1.05 0.74 -0.07 0.44 0.30 

VGR-ND 0 2.19 1.55 -0.17 0.31 0.33 

Learning effects are italicized if p<0.05 and with a * if significant after false discovery rate 

correction. 
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The cumulative sum of the learning effects for all task parameters are presented in 

Figure 4.2b and in the detailed tables located in the Supplement Material (Supplement 

Tables 1-11). The average learning effect was -0.06 with a range from -0.99 to 0.70.  

Overall, 43/167 variables met the threshold for statistical significance after correction for 

FDR. The task with the highest proportion of significant effects was RVGR in either arm, 

with 10 parameters being significant in each of the dominant and non-dominant arms, 

respectively. The task with the lowest number of significant learning effects was PM in 

either arm, with no parameters meeting the threshold for significance after FDR correction.  

4.4.4 ICC 

 We quantified ICC, using the consistency formulation (ICC(3,1); ICC-C); see 

Table 3 for reference. Z-Task Score ICC-C values ranged from 0.29 to 0.75, and of these 

6/11 were greater than 0.50. The task with the highest ICC-C was TMT (0.75) and the task 

with the lowest ICC-C was PM-D (0.29).  

The cumulative sum plots of ICC-C for all parameters are presented in Figure 4.2c. 

The parameter with the highest ICC-C values was RVGR-ND (Z-Max speed), that with the 

lowest ICC-C was and BOB (Z- level 3 mean bar angle). Out of all parameter ICC-C 

values, 12/167 (7%) were greater than 0.75 and 96/167 (57%) were greater than 0.50. 

4.4.5 Probabilistic interpretation of impairment and change 

 We performed simulations of VGR Reaction Time (RT) values to depict the 

probabilistic interpretation of our CI and SC results in terms of identifying impairments 

and quantifying significant change (see Figure 4.3). There is a confidence interval (CI) of 

performance associated with every potential score, and so it is equally probable that an 

individual with an RT score of 1.64 at a single assessment is actually below (not impaired) 
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or above (impaired) the threshold of 1.64. In RT, we found that the CI was 0.95, and thus 

the SC was 1.34. One can identify 3 key regions of interest in Figure 4.3a: 1) statistically 

not impaired, when the probability is less than 5% that the true score is greater than 1.64, 

2) possibly impaired, when the chance of impairment is between 5 and 95%, and 3) 

statistically impaired, when the probability of impairment is greater than 95%. Similarly, 

Figure 4.3b depicts the way that this same statistical approach can be used to identify 

whether an individual has improved/degraded between two assessments using SC criteria. 

 

Figure 6.9. Probabilistic interpretation of thresholds for statistical change and impairment. 

The probability of impairment given an observation, and true change given an initial score. 

A) The cumulative sum of simulated Z-reaction time scores (solid black curve), and a 

confidence interval (CI) of ±0.95, as was determined experimentally for this parameter. 

The plot is divided into 3 regions based on the likelihood that a score is actually impaired 

(i.e. is really ≥1.64) given an observed value of 1.64. A score X < 0.69 (1.64-0.95) is 

statistically unimpaired, i.e. the score is too low for there to be a reasonable probability that 

the true performance is impaired. A score 0.69 (1.64-0.95) ≤ X < 2.59 (1.64+0.95) is 

possibly impaired. A score X ≥ 2.59 encompasses likely impairment. B) The concept of A) 
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can be generalized to detect a change in a follow-up assessment score X2 given an initial 

assessment score X1, using significant change. The plot can be divided again into 3 regions. 

A score X2 < (X1-1.34), i.e. the second score is less than the first score minus the significant 

change threshold for this parameter, is statistically improved from the first assessment. A 

score (X1-1.34) ≤ X2 < (X1+1.34) indicates possibly different performance at follow-up. 

Finally, a score X2 > (X1+1.34) is statistically poorer. 

 

4.4.6 Effects of one-sided transforms on Z-Task Score CI 

 Finally, we considered the effects of performing a transformation between the two-

sided Z-Task Score and the one-sided Task Score that has been reported on previously (90); 

see Figure 4.4. Here, we calculated a CI for the Z-Task Score (and Z-M-Score, although 

the implications are identical given the similarity of the transformations for these two 

metrics). Figure 4.4a depicts the symmetry of a CI of ±1 about simulated Z-Task Scores 

with a mean of 0 and standard deviation of 1. Figure 4.4b depicts the effect of performing 

the one-sided transform from Z-Task Score to Task Score (eq. 4.3). The confidence 

intervals grow non-uniformly and are in fact a function of the Z-Task Score (and, by 

extension, Task Score) itself. Thus in this situation, the CI is not a fixed value. This is also 

demonstrated in Figure 4.4c, which goes further and identifies that the upper bound (UB) 

and lower bound (LB) of the Task Score CI grow unequally, with the LB always growing 

more quickly than the UB. 
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Figure 6.10. Asymmetric growth of Task Score confidence intervals. 

After conversion to a one-sided metric, the confidence intervals for the Task Score (and 

M-Score) become asymmetric. A) A simulated distribution of n=10000 Z-scores drawn 

from the standard Normal distribution (μ=0, σ=1). The cumulative density function (CDF) 

is plotted as a thick black line. Lower and upper bounds of the confidence interval (±1 for 

simplicity) are plotted in thin black lines. B) Conversion of the Z-Task Score to the true 

Task Score causes the CDF of A) to compress to the right, such that all values below zero 

become positive (thick black line). A Task Score of 1 has ~68.3% of the area of the curve 

underneath it, comparable to the area underneath ±1 of the standard Normal CDF. Upper 

and lower bounds of the confidence interval are plotted as thin black lines. The confidence 

interval is now asymmetric. C) The distance between the upper bound (UB) of the 

confidence interval to the Task Score grows more slowly than the distance between the 

lower bound (LB) of the confidence interval and the Task Score (thin black lines). The 

distance from the Z-Task Score to both the UB and the LB asymptotes to ±1, which 

corresponds to that of the original Z-Task Score in panel A. 
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4.5 Discussion 

 In this work, we quantified confidence intervals, significant change, learning 

effects, and ICC-C (consistency type; referred to elsewhere as ICC(3,1)) for repeated 

Kinarm assessments performed within 15 days of each other. Our primary objective was 

quantifying confidence intervals and corresponding thresholds for significant change 

across all Kinarm parameters. We determined that the confidence intervals averaged 

approximately 1.12 across Z-Task Scores and 1.07 across all parameters. These values are 

less than the 95% one-tailed range predicted for the entire healthy cohort (1.64). 

 Other prior work has investigated the reliability of various kinematic parameters 

post-stroke using different tools (226–228). These studies had participants complete tasks 

that tested similar domains to those in the present study. For example, Rinderknecht et al. 

(226) employed a 2-alternative/forced-choice task to test proprioception (different from 

our approach but a similar underlying construct was targeted). These studies generally 

reported much higher ICCs than we did in the present study (on the order of 0.80 to 0.98 

typically). Across these other studies, the constant factor was that individuals with stroke 

were assessed. A previous Kinarm study also identified high ICCs in stroke patients 

ranging between 0.75-0.99 (149). We reported lower ICCs than these other studies; 

however, this difference is quite likely because we tested a cohort of healthy individuals. 

Recall that ICC models the ratio of (participant variance) / (participant variance + error 

variance). With this definition in mind, it is clear that if the study population is more 

variable relative to the amount of error, then the ICC will increase. Stroke is a 

heterogeneous clinical diagnosis, and so it is reasonable to expect that stroke cohorts would 

be more variable than a healthy cohort, leading to higher ICC values. A Kinarm study on 
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an adult athletic population found results that were sometimes similar to those reported in 

our study; for example, results for the Total Hits parameter in OH were similar in terms of 

ICC, learning effect, and confidence interval. However, other parameters such as the Test 

Time parameter in TMT differed substantially (107). The ICCs found in our current study 

were similar to a Kinarm study of pediatric athletes (145). It is possible that simple 

differences in the study cohorts, such as age or training to do specific motor tasks as in 

sports, may account for differences in test-retest findings. 

 Knowledge of the confidence intervals of each parameter allows us to not only 

categorically identify if an individual’s performance falls above or below some impairment 

threshold, but also the probability of impairment relative to that threshold. We have 

commonly identified participants as impaired in the KSTs based on whether they 

performed worse than 95% of healthy controls (229,230). For example, we defined that an 

individual would be impaired in reaction time for VGR if they had a Z score greater than 

1.64. However, as shown here, there is some variability in how a given participant performs 

a task. Thus, there is a confidence interval of performance associated with every potential 

score. This approach allows us to add a probabilistic component to the assessment and the 

detection of change between assessments. In some ways, the consideration of impairment 

as a continuum as opposed to a hard threshold is analogous to the approaches to statistical 

inference taken by Fisher compared to those of Pearson and Neyman (231,232). This 

probabilistic approach to detecting impairment and change may facilitate future machine 

learning-based approaches to detecting change and impairment, by allowing a richer range 

of information to be used than simple binary 1/0 values for “impaired or unimpaired”. This 

may be especially fruitful in clinical populations that are expected to have minimal change 
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in the magnitude of performance on a given task, or sub-impairment deviations from 

normal performance.  

We considered the contribution that IS error made compared to SC and found that 

IS error was typically relatively small compared to SC, reflecting that intra-assessment 

variation makes up a minority of variation compared to the variation between-assessments. 

We observed the highest IS errors relative to SC in VGR reaction time at ~20%. Overall, 

these findings additionally suggest that external factors – i.e. those relating to the passage 

of time, the specific setup of the robot, perhaps other variables like caffeine consumption 

or fatigue – have a larger effect the variability in performance by an individual within a 

single session. It is important to note that the IS error that we calculated is influenced by 

the number of sampled trials. Each parameter derived from multiple trials is effectively an 

estimate of a true, unobservable, parameter mean. Increasing the number of trials would 

serve to not only improve the estimate of the true value, but reduce the variability of that 

estimate. While attractive in theory, this would dramatically increase data collection time. 

It would also be unnecessary as, in practice, we were able to demonstrate that even with a 

relatively small number of trials (20-25) the value can be estimated well enough that its 

associated error is small (IS error) compared by the inter-assessment change threshold 

(SC). 

 Importantly, we observed learning effects in some parameters and in some Z-Task 

Scores. In particular, RVGR had a preponderance of significant learning effects, with 18 

parameters out of 24 (across both arms) demonstrating learning effects that were significant 

after correction for FDR. It could be that, in this task, there is a 'learning curve' that affects 

the first few trials (233–235). Previous evidence suggests that there are contributions of 
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two complementary motor learning processes. These come in the form of a fast explicit 

learning process that adapts to task constraints, and a slower implicit component (235–

237). RVGR, being a mirror reversal task, potentially causes the greatest retention of 

offline motor plan changes (233). This means that in this task in particular, many 

parameters may appear to be subject to a learning effect between assessments, when really 

the observed effects are being primarily driven by learning within the first assessment. One 

way to probe this may be to quantify the extent of within-test learning and remove some 

number of trials after which task performance stabilizes. This approach was outside the 

scope of the present work, and we chose to present the results from the KSTs exactly as 

the tasks are available to maximize the generalizability of our results to existing tasks. 

Future work will address within-test learning.  

 Another important consideration affecting the generalization of our results 

concerns Task Scores and M-Scores. In this work, we report results regarding the Z-Task 

Score and Z-M-Score, which are the Task Score and M-Score metrics prior to being 

converted to one-sided values ranging from 0 to +infinity. We did this because the 

transformation to the one-sided scores effectively compresses the distribution of two-sided 

Z-values (Z-Task Score, Z-M-Score) to the right to generate the one-sided Task Scores and 

M-Scores. Thus, within the range of values experienced by control participants such as 

those we tested here (~95% below 1.96), the confidence interval is actually much smaller 

for the Task Score than for the Z-Task Score. This is an important consideration for future 

work; it effectively states that the better the performance of an individual is on the Task 

Score, the less their performance needs to change for that change to be considered 

significant. Some clinical measures also experience this phenomenon of score-dependent 
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variability, although not uniformly across all assessments; examples include the Expanded 

Disability Status Scale and the Multiple Sclerosis Impact Scale, both used in multiple 

sclerosis research (238). 

 One of the objectives of this study was to determine if standard tests of significance 

would be sufficient to quantify significant change between repeated Kinarm assessments 

or if individual skill influenced the ability to quantify change. In the former case, each 

parameter Z-score could be considered as a random Normally-distributed observation 

pulled from a distribution of participants’ parameter Z-scores at the first assessment. Any 

observation sufficiently far from the mean of this distribution would represent a significant 

change, e,g,. a Z-score >|3.2|, representing a probability of observing a value at least as 

extreme as x given the underlying distribution of X, i.e. P(x|X)≤0.001 [for x ∈ X ~ N(0,1)] 

by random draw. However, instead we found that all Kinarm parameter confidence 

intervals were well below |3.2|, indicating that there is a relationship between repeated 

assessment performances. This is borne out as well by the fact that almost all ICC values 

were not near zero.  

4.5.1 Limitations 

Our study has some limitations to address, the first of which is that we only focused 

on healthy individuals in this assessment. It is possible that there will be differences in 

patterns of learning in individuals who, for example, have had stroke, as compared to 

healthy controls (239,240). Additionally, we only focused on one platform, the Kinarm 

exoskeleton. There are other Kinarm platforms available that could have different inter-

test variation, which should be investigated to determine if the results obtained here 

generalize. A small number of participants in the study had been invited back after having 
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done the tasks previously, which could have biased results to some extent. However, we 

still had more participants than we determined were necessary from our initial Monte Carlo 

simulations (n=50). Additionally, we tested participants within 15 days; however, it is 

unclear how these results will generalize to time points that are spread further apart. We 

would like to point out that of the 6 individuals mentioned that previously complete KSTs, 

only one completed RVGR previously (data not shown), which is the task that had the 

highest learning effects across several parameters. This individual completed a prior 

assessment with RVGR over 900 days before and therefore we assumed that their results 

would not be affected because the time interval was so long. We used mostly young 

participants who were healthy in this study. Therefore, the generalizability of our results to 

older healthy individuals remains an open question, even though we used Z-scores that 

were adjusted for (among other things) age. Future studies should be performed on clinical 

populations or control participants spanning different age ranges to identify whether or not 

there are substantial differences in the significant change values for clinical participants 

compared to healthy individuals. Finally, although we estimated that the impact of the IS 

error on the SC, we found that it did not substantively contribute to the overall significant 

change threshold. The IS error was typically <10% of the absolute value of the SC, 

suggesting that the dominant source of variability is change over repeated assessments, and 

not change within a single session. Future work will have to consider this approach in the 

context of clinical disorders like multiple sclerosis or Parkinson’s disease, in which there 

could be potentially much greater variation due to medication doses or changes in fatigue 

day-to-day.  
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4.5.2 Conclusions 

 The present study quantifies confidence intervals, measures of significant change, 

as well as reliability (ICC-C) and learning effects for the present set of behavioural tasks 

in KST. This framework will help with the interpretability of the performance of individual 

subjects by providing statistical bounds for each metric of behaviour and the significance 

of changes in performance across repeated testing.  
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Chapter 5 

Longitudinal robotic assessment of transient ischemic attack and 

migraine 

 

5.1 Abstract 

Background and Objective: Transient ischemic attack (TIA) is traditionally considered to 

be a neurological condition with minimal chance of long-term neurological deficits, aside 

from the elevated risk of stroke. In other words, having a TIA is considered to be a “dodged 

bullet” as compared to having a stroke. However, recent work has highlighted that people 

who have had TIA may have abnormal motor and cognitive function. Therefore, we set out 

to quantify deficits in a cohort of individuals who had TIA and measure changes in their 

abilities to perform behavioural tasks over 1 year of follow-up using the Kinarm 

exoskeleton robot. We additionally considered performance and change over time in a 

cohort of migraineurs.  

Methods: Individuals who had TIA or migraines completed 8 behavioural tasks that assess 

motor, cognitive, and sensory functionality. Participants in the TIA cohort were assessed 

at 2-, 6-, 12-, and 52-weeks after symptom resolution. Migraineurs were assessed at 2-

weeks and 1-year after symptom resolution. We measured overall performance on each 

task using an aggregate metric called the Task Score. Finally, we accounted for expected 

learning effects in tasks that previously displayed significant learning effects in healthy 

individuals. 
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Results: We recruited 48 individuals to the TIA cohort and 28 individuals to the migraine 

cohort. Individuals in both cohorts displayed impairments on robotic tasks at 2 weeks after 

symptom cessation and also at approximately 1 year after symptom cessation, most 

commonly in tests of cognitive-motor integration. The TIA cohort had significantly higher 

(after multiple comparison correction) Z-Task Scores than controls in 4/10 tasks (controls’ 

first assessment vs 2-week assessment of TIA), whereas the migraine cohort did not 

demonstrate significantly different Z-Task Scores from controls on any task (controls’ first 

assessment vs 2-week assessment for migraineurs). Comparing controls’ second 

assessments and 1-year assessments for TIA and migraine, these values were 0/10 and 1/10, 

respectively. Finally, we identified that small subsets of individuals from both TIA and 

migraine cohorts had Z-Task Score changes that were statistically improbable (p < 10e-5), 

indicating that some individuals changed far beyond what could be statistically expected.  

Conclusions: People who have experienced transient neurological symptoms, such as those 

that arise from TIA or migraine, are not necessarily free of lasting neurological 

impairments. In a subset of individuals, impairments can last for up to 1 year. Some 

individuals demonstrate substantial changes in performance that highlight the 

heterogeneity of these neurological disorders. These findings highlight the need to consider 

factors that contribute to lasting neurological impairment, approaches that could be 

developed to alleviate the lasting effects of TIA or migraine, and the need to consider 

individual neurological status.  
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5.2 Introduction 

Transient ischaemic attack (TIA) is defined as transient neurological symptoms of 

suspected vascular origin that resolve on their own without leaving clear evidence of brain 

tissue injury(8). The self-recovery aspect, for decades, made researchers and clinicians 

alike think that TIA was associated with no lasting brain dysfunction for the patient 

compared to stroke which is pathophysiologically related. We now appreciate that TIA, as 

with stroke, can lead to cognitive and motor deficits in some 

individuals(15,90,137,241,242). However, what is not clear is how objective measures of 

motor and cognitive impairment in this clinical population change over time.   

Traditional clinical measures have been used to quantify changes primarily in 

cognition after TIA or minor stroke, but less attention is paid to motor impairments or 

recovery. It is well-known that people who have had TIA or minor strokes experience 

cognitive impairments, mood decline, and reduced quality of life after symptom resolution 

(15,176,241,243,244). Some individuals will improve between 7 days and 1-month post-

event(136); however, by 3- to 6-months, some individuals may still have impairments in 

cognitive domains such as information processing (199). Impairments in verbal memory 

could persist for as much as 3 years post-event in some people (139). However, the same 

detailed characterization does not exist for possible changes to motor ability after TIA. 

Potentially, an approach that considers cognitive and motor aspects of behaviour could 

shed light on how performance in these behavioural domains changes over time in people 

who have had TIA.  
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We have previously demonstrated that people who have had TIA can have deficits 

in cognitive and motor tasks in an objective robotic assessment paradigm for up to 2 weeks 

after symptom resolution (90). However, it is presently unclear whether or not these 

individuals will have persistence of deficits for months after their events as has been 

suggested to occur in a subset of individuals on traditional cognitive assessments (136–

138). Our objective in this study was to quantify changes over time in a cohort of 

individuals who had TIA and were seen initially within 2 weeks of symptom resolution. 

We previously reported on part of this cohort (90), and in this work we report on an 

expansion of this cohort that utilizes the Kinarm robotic assessment platform and its 

associated Kinarm Standard TestsTM (KSTs) to perform behavioural assessments. We 

quantify changes over the course of a 1-year follow-up in both the TIA group and 

additionally an active control group of individuals who were diagnosed with migraines.  

5.3 Methods 

5.3.1 Participants and clinical assessment 

We recruited people who had TIA or migraine from the Kingston Health Sciences 

Centre (Kingston, ON, Canada) stroke prevention clinic. Inclusion criteria that were 

common for both clinical groups were 1) the ability to understand the robotic task 

instructions and 2) a lack of any upper-limb or other neurological injury that could impact 

performance on the robotic tests. Inclusion criteria specific for the TIA group were 1) a 

diagnosis of TIA, defined according to modern criteria (8), and 2) a score of either 2a) zero 

or 2b) non-zero, but not pertaining to the relevant clinical event, on the National Institutes 

of Health Stroke Scale (NIHSS). We have reported on a subset of this cohort previously 

(90), and have since collected an additional 26 participants. The only specific inclusion 
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criterion for the migraine group was a diagnosis of migraine following ICHD-3 criteria. 

Participants in the healthy control cohort were previously reported upon (245). Briefly, 

these individuals were recruited using local classified advertisements and word-of-mouth. 

Because they were collected for another study, they were assessed twice, but the repeats 

were within 15 days (most repeats were on the same day). Control participants were 

included on the basis of having 1) no previous neurological conditions or previous 

neurological injury, as determined using a structured interview with an examiner, and 2) 

no upper-limb musculoskeletal injuries that would influence their ability to perform the 

robotic tasks.  

In addition to their initial assessments, individuals in the TIA group were invited to 

return at 6 weeks, 3 months, and 1 year after symptom resolution. An early sample of 

people from the TIA group were additionally seen at 6 months after symptom resolution, 

however the research protocol changed during the study and this time point was eliminated. 

This modification affected 12 individuals out of the entire cohort of 48. People in the 

migraine group were invited back after 1 year only. See Chapter 2.3.1 for a rough guide to 

how participants were screened. Participants were provided a monetary stipend for taking 

part in our study. This study was reviewed and approved by the Queen’s University 

Research Ethics Board. 

5.3.2 Robotic Assessment 

 Individuals in both the TIA and active control groups completed a series of 8 

behavioural tasks that tested motor, cognitive, and sensory domains using the Kinarm 

Exoskeleton robotic assessment system (Kinarm, Kingston, ON, Canada; see Figure 5.1). 

This collection of behavioural tasks is referred to as the Kinarm Standard TestsTM (KSTs). 
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See Table A.1 for detailed descriptions of the robotic tasks. Briefly, the Kinarm 

Exoskeleton required participants to be seated and to place their arms in troughs to support 

their weight against gravity. Participants moved their arms in the horizontal plane 

underneath a screen onto which the tasks were projected from above. Visual feedback of 

the limbs was not directly provided (limb position was obscured with a vision blocker), but 

feedback from the task was provided via the screen, usually with a white cursor dot 

(radius=0.5 cm), sometimes with other shapes, or sometimes no feedback was provided.   

 There were 4 tasks testing primarily motor behaviours. Visually guided reaching 

(VGR) tested participants’ ability to make quick and accurate reaches out and back to a 

series of either 8 or 4 peripheral targets (141). The number of targets reduced during 

collection because the assessment time was substantially reduced, even though much of the 

same information is represented in the abbreviated version of the task (158). Ball on bar 

(BOB) tested bimanual coordination by requiring participants to use both hands 

simultaneously to control a ball balanced on a bar (150). Object hit (OH) tested rapid motor 

planning by having individuals hit objects that were falling towards them on the screen, 

with the objective being to hit as many as possible before the end of the task (189). Object 

hit and avoid (OHA) was almost the same as OH, except participants had to hit as many 

target objects away from them as possible while avoiding distractors (149).   

 Three tasks placed additional emphasis on cognitive skills. Reverse visually guided 

reaching (RVGR) was similar to VGR, except that the hand had to be moved in the opposite 

direction to bring the cursor to the target, thus testing the ability to inhibit a pre-planned 

motor plan (188). Trail making (TMT) was a robotic implementation of the classic 

neuropsychological assessment, testing information processing speed and set-switching 
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(145). Spatial span (SPS) was similarly a robotic implementation of the Corsi block-

tapping task, primarily testing spatial working memory (167).  

 Finally, we tested sensory skill via proprioception. This was achieved using the arm 

position matching (APM) task, in which the robot moved one arm and the participant had 

to mirror-match the position using their other arm, thus testing position sense in the arm 

the robot moved (220). 

 

Figure 6.11. Kinarm and Kinarm standard tests (KSTs). 
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Kinarm and Kinarm Standard Tests (KSTs). A: Kinarm Exoskeleton lab. B: KSTs. Four tasks 

(VGR, BOB, OH, OHA) tested primarily motor skill, three tasks tested cognitive ability (RVGR, 

SPS, TM), and one task (APM) tested proprioception (a component of sensory ability).   

5.3.3 Statistical analysis 

 Each robotic task describes 10-20 spatial and temporal features of performance 

using a variety of disparate units (e.g. m/s, sec., cm). Therefore, we generated standardized 

Z-scores for each of the variables, referred to as “parameters”, so that they could be 

compared and combined as necessary. See also Figure A.1. Z-scores considered age, sex, 

handedness, and the type of robotic platform used (although in this case all participants 

were assessed using the Kinarm Exoskeleton robot) by comparison to a large cohort of 

healthy control participants. We have described this process in detail previous work (90) 

and the Kinarm company also provides a description on their website (www.kinarm.com).  

 In addition to parameter Z-scores, we also calculated an aggregate metric referred 

to as the “Task Score”, which is a single value that describes overall performance on a 

given task. See also Figure A.1. The statistical properties of the Task Score are depicted in 

Figure 1. Details of the process for going from multiple parameters Z-scores to a single 

Task Score are described in previous work (90) and also at www.kinarm.com. Briefly, we 

calculated the root-mean square (RMS) of the parameter Z-scores and re-normalized this 

new distribution of RMS-Z-scores, which we will hereon refer to as “Z-Task Scores”, such 

that the range of values once again included negative values. Note that the signs of the Z-

scores were flipped if necessary, such that negative values always reflected better values 

and vice-versa. We then compressed the cumulative distribution function (CDF) of the Z-

Task Scores to the right such that negative Z-Task Scores became close to zero but positive. 

Thus, the Task Score is an exclusively positive value that ranges from 0 to positive infinity, 

with values close to 0 representing excellent performance and increasing values reflecting 
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poorer overall performance on a task. The quantiles of the CDF of the Task Score 

distribution approximate those of the standard Normal distribution (Figure 1), i.e. 68.3% 

of the area under the curve lies to the left of a Task Score of 1 and 95.4% lies to the left of 

a Task Score of 2.0. We define impairment as performance outside the envelope of 95% of 

healthy controls, corresponding to a Task Score of 1.96 or greater.  

 We previously quantified thresholds for significant change (SC) and expected 

learning effects (LE) in all parameters of the KSTs (data not shown), including Z-Task 

Scores. In order to calculate the boundaries for SC for the one-sided Task Scores given the 

boundary for the two-sided Z-Task Scores, we performed a transform of the Z-Task Score 

to the Task Score as usual (90) but with the addition or subtraction of the SC amount. Note 

that because of Task Score transformation, this creates a slightly asymmetric and curved 

SC boundary. LE were accounted for by calculating second assessment minus first 

assessment values and identifying significant differences using a paired sample t-test. 

Three tasks were thus identified as having significant LE: RVGR-D (-0.78 expected change 

in Z-Task Score between first and second assessments), RVGR-ND (-0.67), SPS (-0.39), 

and TMT (-0.23). These were incorporated by subtracting the LE amount from Z-Task 

Score differences, and then performing the one-sided Task Score transform on the modified 

values, analogous to the approach with the SC values. Note that this creates a highly 

asymmetric boundary of change that is biased to one side. Consider the example of a 

participant changing (PC) their Z-Task Score by PC = -1.78, with SC = -1.50, and LE = -

0.78. If LE is not accounted for, then this change is significant because -1.78 is more 

negative than -1.50 and therefore beyond the amount of change required to be significant. 

However, if LE is accounted for, then the effective participant change is not simply -1.78 
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but instead is -1.78 - (-0.78) = -1.00. This change is not significant, because -1.00 is less 

negative than -1.50 and therefore is not enough to be considered significant. This also 

works in the reverse, with worsening performance. For example, using the same values 

except PC = +1.00, i.e. they get 1.00 worse, this change not accounting for learning is non-

significant because +1.00 < +1.50 (the required change in the positive direction). However, 

accounting for LE = -0.78, the change does become significant because +1.00 - (-0.78) = 

+1.78 > +1.50 and therefore is beyond the required amount of change.   

 We performed statistical analyses comparing Z-Task Scores in healthy- and clinical 

populations at first- and final assessments, as well as determined ways to identify the 

probability of observing Z-Task Score changes at least as extreme as those observed, i.e. 

p-values. Group-wise comparisons of Z-Task Scores were performed using independent-

sample t-tests comparing first assessment and last assessment Z-Task Scores for TIA vs 

control and migraine vs control contrasts, respectively. In order to correct for the 44 

comparisons (11 total pairs of scores compared for each combination of 2 clinical 

populations and 2 time points), we set a significant p-value for these tests at 0.05/44 ≈ 

0.00114. Individual observation p-values were calculated by first fitting a Normal 

distribution using the mean and standard deviations (SDs) derived from the healthy control 

Z-Task Score difference scores (final score minus initial score), and then deriving the 

cumulative density function (CDF) of these distributions. The area under the curve was 

derived for each TIA or migraine Z-Task Score observation. For values with p>0.5, we 

reported 1-CDF so that the reported probabilities were small values and not large (this has 

the same interpretation but is easier to plot). For example, if the control data difference 

scores for a given task had a mean of 0 and an SD of 1, then an observation at -1.96 would 
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have a p-value of ~0.025, whereas an observation at +1.96 would have a p-value of ~0.975, 

which after subtracting from 1 would correspond to a p-value of ~0.025 as well. We 

additionally used this approach to identify the p-values of changes between assessments in 

the TIA cohort, in which 4 assessments were performed. We generated approximately 1000 

individual p-values: 1 for each transition between 1st to 2nd assessment, 2nd to 3rd, and 3rd 

to 4th, respectively, for all participants across all tasks. It would not be appropriate to use 

the Bonferroni correction for this many statistical comparisons, as it would lead to far too 

conservative a required p-value. We used the false discovery rate (FDR) correction of 

Benjamini and Hochberg(225) instead and determined that a p-value of approximately 1.3 

x 10-5 was the threshold for significance. All statistical analyses were performed using 

SciPy v1.4 implemented in Python 3.7. 
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5.4 Results 

5.4.1 Participants and demographics 

 We recruited 48 people who had TIA and 28 people who had migraines. Of these, 

only 38 individuals completed BOB, RVGR-A, and SPS. Thirty-nine individuals 

completed RVGR-UA. Ten individuals were unable to complete BOB, SPS, and both arms 

of RVGR because the tasks were not available at that point in data collection. One 

individual was additionally unable to complete RVGR-UA, and another to complete APM-

A because of time constraints during the assessment. In the cohort of migraineurs, 23/28 

completed BOB and SPS; 24/28 completed RVGR (both arms). APM was collected 

sporadically in the migraine cohort as the study protocol evolved. These were, as with the 

TIA cohort, missed because the tasks were not available at that point in data collection or 

the study protocol was not configured for collecting those tasks. Importantly, in both 

cohorts, no assessments were left incomplete because of an inability of the participant to 

perform the task. The median [IQR] age of the participants at first assessment in the TIA 

cohort was 69.4 [15.3] years; in the migraineurs (also at first assessment) these numbers 

were 60.0 [14.5] years. See Table 5.2 for a brief demographic summary of the participants 

in the study. We quantified the NIHSS in people who had TIA and people who had 

migraines. In the TIA cohort, 2 individuals had NIHSS scores > 0. One individual had a 

score of 2, because of left leg drift and left facial droop, however their DWI scan was 

negative for a corresponding lesion. Another individual had an NIHSS of 4 because of 

diabetic lumbosacral radiculoplexus neuropathy. In both of these instances, the cause of 

the increased NIHSS score was not related to the TIA in question and therefore we allowed 

these participants to be included in the final analysis. In the migraine cohort, one individual 
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had an NIHSS = 1; in this case, the individual had left side face and arm numbness and 

dizziness; their CT scan was normal.  

 

Table 6.17. Participant demographics 

 TIA Migraine 

N 48 28 

Age median [IQR]* 69.4 [15.3] 60.0 [14.5] 

% Right-handed* 93 94 

% Female* 46 54 

NIHSS (n>0, [scores]) 2, [2,4]† 1, [1]† 

*Z-scores used in classification analyses are adjusted for age, sex, and handedness, and so statistical 

differences in age or proportion of sex or handedness were not tested for. †NIHSS scores >0 were 

permitted in these instances because the scores were not related to the event in question. 
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5.4.2 Impairment rates 

We collected KST data at 2 weeks and 1 year after symptom resolution in both TIA 

and migraine groups, as well as at 6-weeks and 3-months in the TIA group. We identified 

that tasks testing integrated cognitive-motor ability identified the greatest number of 

impairments in both groups. See Table 5.3 for a summary of these results. RVGR in the 

unaffected arm identified 51.3% of people in the TIA cohort as impaired within 2-weeks, 

compared to 37.5% of individuals in the migraine cohort. These values reduced to 27.3% 

and 31.6% at 1 year. In the TIA group, the impairment rate gradually reduced across all 4 

assessments in RVGR-UA. In contrast to RVGR, in which both TIA and migraine groups 

demonstrated frequent performance impairments, TMT and VGR highlighted much more 

frequent impairments in the TIA group specifically. In TMT, over 20% of individuals in 

the TIA cohort were impaired at the within-2-week assessment, which levelled off to 

approximately 15% at the end of 1 year of follow-up. A similar trend was observed in 

VGR, with over 30% of the group impaired on this purely sensorimotor task, tapering off 

to ~14% by the end of 1 year of follow-up. In the migraineurs, no one demonstrated 

impairments on TMT at any assessment, and VGR impairment rates were substantially 

lower: 10% within 2 weeks, and <5% after 1 year.  
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Table 6.18. Impairment rates in TIA and migraine cohorts at all assessment time points 

ND = non-dominant arm; D = dominant arm; UA = unaffected arm; A = affected arm. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Impaired/total 
(percent) 

TIA Migraine 

2 weeks 6 weeks 3 months 1 year 2 weeks 1 year 

VGR-D/UA 15/48 (31.2) 8/44 (18.2) 7/39 (17.9) 4/28 (14.3) 3/29 (10.3) 1/21 (4.8) 

VGR-ND/A 14/48 (29.2) 9/43 (20.9) 9/39 (23.1) 6/28 (21.4) 2/29 (6.9) 3/21 (14.3) 

BOB 8/38 (21.1) 4/34 (11.8) 2/30 (6.7) 1/20 (5.0) 3/23 (13.0) 3/16 (18.8) 

OH 1/48 (2.1) 2/44 (4.5) 3/39 (7.7) 2/28 (7.1) 2/29 (6.9) 3/21 (14.3) 

OHA 4/48 (8.3) 3/44 (6.8) 4/39 (10.3) 4/28 (14.3) 0/29 (0.0) 2/21 (9.5) 

RVGR-D/UA 21/39 (51.3) 13/36 (36.1) 8/31 (25.8) 6/22 (27.3) 9/24 (37.5) 6/19 (31.6) 

RVGR-ND/A 16/38 (42.1) 10/35 (28.6) 7/31 (22.6) 5/22 (22.7) 8/24 (33.3) 3/19 (15.8) 

TMT 10/48 (20.8) 3/44 (6.8) 6/39 (15.4) 4/28 (14.3) 0/29 (0.0) 0/21 (0.0) 

SPS 7/38 (18.4) 2/34 (5.9) 2/29 (6.9) 0/19 (0.0) 0/23 (0.0) 0/18 (0.0) 

APM-ND/A 6/47 (12.8) 2/43 (4.7) 2/36 (5.6) 1/27 (3.7) 0/18 (0.0) 0/12 (0.0) 
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5.4.3 Comparisons to healthy control cohort 

 We directly compared TIA- and migraine cohorts’ performances to a group of ~50 

healthy control participants that were assessed twice within 2 weeks. See Figure 5.2 for a 

summary of VGR, RVGR, and TMT results. Figure 5.2A-C depicts the cumulative sums 

of the Z-Task Scores (i.e. Task Scores prior to their transformation to a 1-sided metric) at 

the first assessments of TIA, migraine, and control groups. It is clear that the TIA cohort 

demonstrated a greater divergence from control performance than the migraineurs did on 

all 3 tasks. Figure 5.2D-F show similar information to panels A-C, but represent data from 

the final assessment in each group. There was a more notable divergence from the control 

distribution in migraine at the last assessment than the first assessment. Table 4 shows the 

results of statistical testing comparing the Z-Task Score distributions of TIA vs control and 

migraine vs control at first- and last assessments. For the TIA group, 9/10 tasks had Z-Task 

Scores that were significantly different than for the control group before multiple 

comparisons correction, which reduced to 4/10 after correcting for multiple comparisons. 

After 1 year, these numbers were 4/10 and 0/10, respectively. For migraineurs at the first 

assessment, only 3/10 tasks captured significant differences between migraine and control, 

of which 1 was significant after multiple comparisons correction. At the final assessment, 

these numbers were 2/10 and 1/10, respectively.  

 Next, we considered significant changes between first- and last assessments in the 

TIA and migraine groups. These results are shown in Figure 5.2G-I, as well as Figure 5.2J-

L. Panels in column G-I depict scatterplots of Task Scores at both time points for three 

tasks: VGR (ND/A-arm), RVGR (ND/A-arm), and TMT. In each task, a subset of 

individuals demonstrate a Task Score change that is significant (i.e. more than expected 
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for 95% of healthy controls, as indicated by the dashed line boundaries); however, the 

number of individuals that change significantly is relatively few. 10-15% of individuals in 

the TIA cohort remained impaired on each task depicted. For example, 3/28 were impaired 

at both time points on VGR-A. Notably, a subset of people from the TIA group was 

impaired at both time points on each of VGR, RVGR, and TMT. However, people in the 

migraine group only demonstrated persistence of deficits on RVGR-ND (Fig 5.2H). We 

explored the probability of these transitions in panels J-L, which depict Z-Task Score 

difference scores. Some significant changes were slightly above chance: e.g. one individual 

in the migraine group had a difference score p-value of 0.0218, which is only slightly below 

the significance threshold of 0.025 (i.e. one tail of a 5% two-tailed interval). Compare this 

to one individual in the TIA cohort, who had a difference score p-value of ~2e-14. This 

represents a highly unlikely change in task performance. These findings highlight the 

importance of considering the heterogeneity of TIA and migraine, and that attention should 

be paid to individual performance as well as group effects.  
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Figure 6.12. First- and last assessment performance differences for TIA and migraine.  

Change over time in TIA and migraine cohorts. A-C: Comparison of TIA (red), migraine 

(blue), and healthy control (black) Z-Task Score distributions in VGR-ND, RVGR-ND, 

and TM tasks. Dashed vertical lines indicate ±1.96 (peripheral lines) or 0 (central line). 

Assessments were within the first 2 weeks of symptom resolution (TIA and migraine) or 

were more generally the first assessment (healthy controls). D-F: The same as A-C, but 

within 1 year of symptom resolution (TIA and migraine), or within 2 weeks of first 

assessment (healthy controls). G-I: Scatterplots of one-sided Task Scores at first- and 

second assessments in TIA and migraine cohorts. Horizontal and vertical dashed lines 

indicate impairment thresholds (1.96); diagonal lines indicate unity. Curved dashed lines 

indicate thresholds of significant change based on the expected change of healthy control 

participants, accounting for learning effects in RVGR-ND and TM only. Red circles 

indicate TIA, and indigo circles indicate migraine. Open circles represent non-significant 

changes (i.e. within the curved boundaries), whereas filled circles represent significant 

changes (i.e. outside the curved boundaries). Values outside of >6 (VGR-ND, RVGR-ND) 

or >4 (TM) are marked on the plots. J-L: Probabilities of observing changes in TIA and 

migraine cohorts at least as extreme as those highlighted. Shaded areas represent kernel 

density estimates (KDEs) based on differences between healthy control participants’ 

second and first assessment Z-Task Scores. Red open circles represent differences between 

1-year- and 2-week Z-Task Scores for TIA; blue open circles represent the same, but for 

migraineurs. Horizontal dashed lines are for orientation to the TIA and migraine data, 
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respectively. Vertical dashed lines represent the mean of the expected change for healthy 

controls (central lines) and the 95% two-tailed confidence interval of difference scores for 

healthy controls (peripheral lines). 

 

5.4.4 Patterns of significant change across tasks 

We next investigated the number of significant changes between first- and last 

assessment across all individuals in both cohorts. These results are shown in Figure 5.3. 

Some individuals changed significantly on more than 1 behavioural task. For example, one 

individual in the TIA cohort significantly improved on both BOB and VGR-UA. Another 

significantly improved in VGR-UA and RVGR-UA, but significantly deteriorated on 

TMT. In the migraine group, two individuals got better on RVGR-D, but deteriorated on 

OHA. Another significantly deteriorated on BOB and VGR-D. Altogether, 17/27 (63%) 

individuals in the TIA group significantly changed on ≥1 task and 7/27 (26%) significantly 

changed on ≥2 tasks. In the migraine group, these numbers were 12/21 (57%) and 8/21 

(38%), respectively.  
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Figure 6.13. Heatmaps of significant change in TIA and migraine groups. 

Heatmaps of significant changes in TIA and migraine groups between 2-weeks and 1-year. 

Participants are arrayed along the x-axes in no particular order. A = affected arm, UA = unaffected 

arm, D = dominant arm, ND = non-dominant arm. Blue cells represent significant lowering 

(improvement) in Task Score between 2 weeks and 1 year. Red cells represent significant increase 

(deterioration) in Task Score between 2 weeks and 1 year. Gray cells indicate missing values for 

those participants. Fractions improved and deteriorated are represented on the right-hand side of 

each axis for each task. 
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5.4.5 Longitudinal robotic assessment of TIA 

 We determined the frequency of Task Score changes between all assessments for 

the TIA group, accounting for the large number of tests that were performed. A subset of 

these results is depicted in Figure 5.4. After accounting for FDR, only a relatively small 

number of Task Score changes between time points in the TIA group were considered 

statistically significant. Some situations consisted of changes with a very high magnitude, 

such as one individual in BOB that changed >4 Task Score units between 6 weeks and 3 

months. Other situations reflect the apparent nonlinearity of the Task Score change as a 

function of the magnitude of the Task Score itself; for example, one individual in TMT 

changed only approximately 0.6 Task Score units between 6 weeks and 3 months. 

However, because the starting score was very low (close to 0), this change was considered 

significant after FDR. 
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Figure 6.14. Significant change between multiple assessments after TIA.  

Line plots of Task Scores over time in the TIA cohort at all 4 assessments with significant changes 

corrected for the false discovery rate. A = affected arm, UA = unaffected arm. Thin vertical lines 

demarcate different assessment points for ease of viewing. Horizontal dashed lines represent the 

threshold for impairment in Task Scores (i.e. >1.96). Thin grey lines represent each individual’s 

performance over time. Thick blue lines indicate significant improvement between assessments. 

Thick red lines indicate significantly poorer performance between assessments. Values at the top 

of each plot indicate the number improved (blue), the number deteriorated (red), and the number 

with non-significant changes (black). 
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5.5 Discussion 

 We performed a longitudinal robotic assessment of people who had TIA as well as 

people who had migraines and reported on changes in performance on a series of 

behavioural tasks over 1 year of follow up. A substantial proportion of the TIA cohort 

displayed motor- and cognitive impairments after 2 weeks, supporting our previous 

findings. Some individuals who had TIA had impairments that persisted for up to 1 year 

on motor and cognitive tasks. A subset of migraineurs demonstrated a persistence of 

deficits for up to 1 year. We demonstrated substantial individual heterogeneity across both 

cohorts, with some individuals demonstrating changes over time that would be statistically 

unlikely.  

Cognitive deficits are known to occur after in TIA and migraine (137,201,246–

249), but persistence of impairments in motor tasks and changes in the ability to perform 

them are less well-characterized. Here, we demonstrated that people who had TIA had a 

substantial number of neurological deficits that spanned motor- and cognitive abilities, and 

that approximately 1/10 individuals displayed a persistence of behavioural task deficits 

spanning 1 year. Importantly, the migraineurs appeared to have less prevalent impairments 

across all tasks, and they also did not demonstrate persistence of impairments over the 1 

year of follow-up. VGR, a task that straightforwardly tests the ability to make reaching 

movements with veridical visual feedback, captured more impairments in the TIA cohort 

than might be expected based on the clinical definition of a TIA. In their affected arms, 

3/28 individuals in the TIA group had impairments on VGR that persisted for 1 year. 

Furthermore, 3/28 individuals transitioned from being unimpaired at 2 weeks to impaired 

at 1 year. Deficits in almost all tasks were less prevalent in the migraine group than the 
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TIA group. For example, in the migraine group at the first assessment, 4/10 tasks did not 

identify anyone as impaired whereas in the TIA group every task highlighted at least a few 

impairments. After 1 year, 3/10 tasks failed to capture any impairments in the migraineurs, 

and these tasks had also not identified deficits at 2 weeks. These results are all the more 

remarkable when accounting for the fact that the TIA cohort was assessed 4 times over the 

1 year of follow up, whereas the migraineurs were only assessed twice. Thus, people in the 

TIA cohort demonstrated poorer group-level performance despite having the potential to 

benefit from additional practice, even in tasks such as RVGR and TMT in which we have 

previously identified learning effects (data not shown). A possible culprit of motor 

impairments in the TIA group specifically is distributed white matter lesion load (48,250) 

or impaired connectivity between motor regions (251), and corticospinal tract (or, more 

broadly, internal capsule) integrity (252–255), which can affect unimanual and bimanual 

motor skill in people who have had strokes. White matter injury could also impair attention 

(256) cognitive-motor tasks such as RVGR. Corticospinal tract integrity may also influence 

VGR task performance (257) (albeit this study was done in children, who are still 

neurologically developing).  

We observed considerable impairment on cognitive- and cognitive-motor tasks in 

both the TIA and migraine groups that would not be expected based on the clinical 

definitions of these conditions and the performance of healthy individuals. For example, 

4/22 (18%) people who had TIA had impairments that lasted for more 1 year on RVGR-A 

(see Figure 5.2H). The RVGR task previously demonstrated strong learning effects in 

healthy individuals (data not shown), and so it is clear that not only do some people in the 

TIA cohort display deficits in this task, but some fail to learn how to do the task after 4 
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repeats. Healthy adults have been shown to retain skill in reaching with visuomotor rotation 

for periods ranging from 1 week (258) to 1 year (259,260). Other learned motor behaviours 

can also be retained for a long time, such as was observed in a dynamic balancing task 

(261). However, the training regimes in these studies were far more repetitive than ours. 

By contrast, people who had strokes have been shown to have impaired learning of 

visuomotor rotations (262). These can be related to the side of the lesion, with different 

sides having different effects on the learning of initial movement trajectories and of final 

position accuracy (262,263). Cerebellar white matter microstructure may influence the rate 

of visuomotor adaptation in healthy individuals (264), and so it may also be related to 

impairments in visuomotor adaptation in disease. White matter damage can also impair 

executive functioning (265,266), which would be required to suppress the reaction in 

RVGR to reach towards the visual target and instead form an appropriate motor plan to 

account for the visuomotor reversal. In addition to findings in the TIA group, we observed 

several cases of impairments and persistence of deficits in the migraineurs, with potential 

causes including disruptions of thalamic sensory relays and impaired thalamocortical 

connectivity (267,268).  

Finally, we noted surprising patterns of change on TMT, which is a task that tests 

information processing speed. Prior studies have demonstrated that stroke leads to 

persistent cognitive decline for several years afterwards (269,270). Other studies have 

identified cognitive deficits in TIA that may improve in the weeks following the relevant 

event (136,146). We report in TMT that several 3/28 individuals in the TIA group had 

impairments at both the 2-week and 1-year time points, whereas none in the migraine group 

had persisting deficits on this task. In fact, no one in the migraine group demonstrated 
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impairments on this task at all at either the 2-week or 1-year assessment. Previous work 

has identified heterogeneity in cognitive changes after stroke, with some individuals 

transitioning from unimpaired 1 month after stroke to impaired at 6 months after stroke 

and vice-versa (271). It is possible that these risks can be influenced by the immune 

response after stroke (272) or modulation of vascular risk factors (273). Previous work 

identified that people who have TIA experience increased rates of whole-brain atrophy 

beyond that expected for healthy aging (274,275), associated with comorbidities such as 

diabetes and a non-significant trend towards lower information processing speed(274). 

5.5.1 Limitations 

 Our study has some limitations to address. First, although we discuss significant 

change, our previous work (data not shown) did not consider inter-test intervals longer than 

approximately 2 weeks. Thus, it remains unclear how much change is permissible over 

longer time scales and if, indeed, those results generalize. We did observe subjective 

differences between TIA and migraine cohorts after 1 year of follow-up on some tasks such 

as VGR and TMT, although the sample sizes at 1 year were quite small. Further work will 

be required to directly compare these two clinical populations. It remains possible that 

because the people in the TIA cohort were seen more frequently than the migraineurs, that 

they could have had extra practice on tasks that predisposed them to improve more than 

the migraineurs, especially on tasks with strong learning effects like RVGR. However, we 

did not identify that individuals in the TIA group improved very frequently in the other 

tasks that also displayed strong learning effects (TMT and SPS). Indeed, approximately 

10-15% of individuals displayed persistence of impairments despite having 4 repetitions. 

Furthermore, we used uniform learning effects between the multiple assessments in the 
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TIA group; however, our previous work (data not shown) did not quantify learning effects 

beyond two assessments. Therefore, it is possible that the learning effects in assessments 

beyond the second one in the present study are overestimated, and therefore our current 

quantification of significant changes accounting for learning effects may be conservative. 

This will require further study, possibly considering RVGR performance changes within-

assessment. Additionally, modeling learning as a fixed effect may not necessarily be ideal 

given the differences in age of the control cohorts that the learning effects were derived 

from, and the clinical cohorts presented here. The individual Z-scores (and Task Scores) 

are adjusted for age, but changes over time are not accounted for in this way. More detailed 

studies are required to identify if change over time in Kinarm performance is a function of 

age. We could not confirm that individuals in either the TIA- or migraine cohorts did not 

experience recurrent events over the course of the 1 year of follow up. This is a particular 

concern for the migraine group for two reasons. 1) some migraineurs may only have 

attended hospital because the migraine symptoms were atypical for them on the current 

occasion; however, they may have had other more ‘typical’ events previously, thus causing 

them to have potential premorbid deficits. 2) perhaps for individuals in which this was their 

first migraine, subsequent events might not have been considered as worthy of reporting 

given that “last time it was just a migraine”; this could lead to unreported subsequent 

events. Future studies should seek to address these concerns with more detailed follow up 

of the clinical cohorts.  
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5.5.2 Conclusions 

 We performed a novel longitudinal assessment of people who had TIA, considering 

changes over a total of 4 assessments. We also assessed an active control group of 

migraineurs at 2-weeks and 1-year. We identified first that our TIA cohort had prevalent 

impairments in motor and cognitive tasks, some of which persisted for up to a year after 

symptom resolution. We identified substantial heterogeneity across individuals in both 

cohorts, in terms of impairments as well as in terms of change over time. This study lays 

the groundwork for future studies that will seek to understand the relationship between 

behavioural change and neuroanatomical change in the brains of individuals who have 

experienced clinically transient cerebrovascular injuries.  
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Chapter 6 

Future directions and conclusions 

6.1 Conclusions and directions for future research 

The central theme of this thesis has been identifying impairments associated with 

TIA using robotics. This builds upon a strong tradition of assessing people who have 

experienced strokes using robotics and other technological approaches in order to 

understand the diverse impacts that stroke can have in the brain, and also to better-

understand how the brain works in general. Incorporating TIA into the spectrum of 

cerebrovascular diseases that can cause impairments is long overdue. I will conclude by 

briefly summarizing each study included in the present thesis and highlight future lines of 

work for each project.  

6.1.1 Robotic exoskeleton assessment of TIA 

The present work has laid some foundations for future studies to expand on the 

identification of TIA using robotics and other technological approaches, as has been done 

in stroke research for over 20 years. We demonstrated that people diagnosed with TIA that 

were normal on a traditional assessment of post-stroke neurological function (the NIHSS) 

had impairments in a diverse set of motor- and cognitive Kinarm tasks. These findings 

indicate that, in individuals who display no clinically-overt signs of neurological deficits, 

robotic assessment administered in <1 hour can detect common deficits. Importantly, a 

large proportion of participants displayed impairments in simple motor tasks that have 

never previously been characterized. We additionally identified prevalent impairments in 
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cognitive tasks that align with well-established findings that have been obtained using 

traditional pen-and-paper assessments.  

In the same vein as stroke research, robotic assessment of TIA must now focus on 

individual features of movement and attempt to relate them to not just detection but 

prognostication. For example, here the focus was exclusively on statistically-aggregated 

measures of movement (i.e. Task Scores). But how do those individual features relate to 

the overall picture of TIA? How do they differ across individuals who experienced different 

TIA symptoms? Are some more valuable than others for identifying individuals at 

increased risk of adverse outcomes? These questions and others should be addressed in 

future work. Larger sample sizes will certainly help answer some of these questions. 

Additionally, the incorporation of neuroimaging (e.g. using DTI) will help shed light on 

how changes to structural connectivity are related to patterns of motor- and cognitive 

impairments in people diagnosed with TIA. 

6.1.2 Differentiating TIA and migraine from healthy individuals using robotics and 

machine learning 

Robotic assessment generates a large number of output variables that describe 

spatial- and temporal features of movement. In this study, we used an OCSVM-based 

outlier detection approach to distinguish between people diagnosed with TIA and healthy 

individuals, or people diagnosed with migraines and healthy individuals. This novel 

approach overcame a substantial limitation of our datasets, i.e. that the classes were 

imbalanced by up to 20:1. We identified that our novel approach led to test-set performance 

that was comparable to the Task Score in most cases (OCSVM performance with OH data 
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was slightly better than the Task Score in TIA, whereas RVGR-OCSVM was slightly 

inferior to RVGR-Task Scores).  

 This study was a ‘first’ in its use of one-class classification of robotic assessment 

data for detecting neurological abnormalities in clinical cohorts. The next logical steps for 

this line of work will be to substantially increase the sample sizes in both clinical- and 

control cohorts, in order to get a better idea of the true distribution of healthy control data 

so that clinical cohorts can more reliably be compared to them. Future work should 

compare training-set OCSVM performance to the Task Score, in addition to test-set and 

validation set performance. This would provide a fairer comparison between approaches, 

as the Task Score is based upon fitting a statistical model to control data and modifying it 

as new data are added. In the case of the OCSVM, the ability of the classifier to purely fit 

to the control data without cross-validation was not considered. This may provide an 

interesting comparison and expand possible analyses to compare the two abnormality 

detection approaches. Furthermore, to solve a more clinically-relevant problem, it would 

be ideal to build classification models that can be updated one individual at a time, so that 

the entire model does not have to be re-trained from scratch when new data are available. 

This will require a substantially different approach to training and testing the models, and 

may obviate the use of OCSVM in favour of an algorithm in which this is more 

straightforward. Finally, from the perspective of clinical populations, it would be an 

interesting research question to directly compare people who were diagnosed with TIA, 

migraine, and potentially other TIA mimics such as non-epileptic seizures using a binary- 

or multiclass classification approach. This naturally requires much larger sample on the 
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order of hundreds, to ensure that the population and its likely subpopulations are adequately 

represented.   

6.1.3 Quantifying statistical threshold for change on robotic assessments 

 This chapter focused on characterizing the thresholds for significant change on 

repeated robotic assessment and developing a statistical framework for interpreting repeat 

robotic assessment results. We quantified measures of reliability across two repeat 

assessments that took place within 15 days (although many were performed on the same 

day). We hypothesized that individual skill would have a substantial impact on repeat 

assessment performance, and that therefore it would not be adequate to simply perform a 

t-test of the Z-scores at 2 repeated tests and compare p-values. In other words, we expected 

intra-individual consistency across assessments. We determined this to be case: intraclass 

correlations (ICCs) were consistently moderate-to-high, and confidence interval width was 

typically less than ~1.6, suggesting that individual changes in performance were less than 

if they had been independent and identically distributed (i.i.d.) random Normal 

observations at both assessments. Finally, we quantified intra-subject error across the 

multiple trials of some tasks within a single assessment, and found that this had a modest 

impact on the overall width of the significant change confidence intervals.  

This study laid out a very general statistical framework for interpreting longitudinal 

changes in Kinarm robotic assessments, with methodology that is easily extensible to other 

robotic platforms. However, some specific tasks may require further study to fully 

understand the impact of learning and repeat assessment. For example, the RVGR task had 

robust learning effects in both dominant- and non-dominant arms. However, the extent to 

which this was caused by inter- or intra-assessment learning is unclear. Future work should 
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seek to quantify the extent of intra-assessment learning in this task; previous work has 

shown that mirror rotation and mirror reversal sensorimotor tasks have a rapid acquisition 

and slow washout. The persistence of retained motor learning in this task could have 

implications for interpreting learning in this task. As we have laid it out, there is value in 

comparing results between-assessments, as this comparison could highlight specific 

deficits in motor learning as well as the ability to complete the task as it is intended. Future 

work should investigate the value of perhaps removing the first few trials of this task to 

ensure stability of performance. Additionally, it is not clear how well these results will 

generalize to repeat assessments performed beyond 15 days after the first assessment, and 

what the impact of multiple assessments will be on measures of reliability. Future work 

should focus on performing potentially multiple repeat assessments over a longer period of 

time (e.g. 1-year) to get a better idea of the stability of changes over time. Although 

logistically difficult, this would provide powerful insight on the nature of repeat testing in 

Kinarm studies, and would enable much more in-depth analyses of repeat assessment data 

in future clinical studies. 

6.1.4 Longitudinal assessment of TIA and migraine 

This final study made use of statistical techniques to characterize changes in 

behavioural state of TIA and migraine over 1 year of follow up, which has never been done 

before using robotics. We measured changes in motor, cognitive and sensory tasks using 

the Task Score, and additionally reprised our OCSVM approach to measure the separability 

of these clinical populations over time. We found that people diagnosed with TIA displayed 

perseveration of impairments approximately 10% of the time over the entire year of follow-

up. We identified that tasks such as RVGR and TMT displayed statistically-significant 
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systematic shifts from distributions of healthy control participants that were also assessed 

twice, albeit within 15 days. These results indicated that people diagnosed with TIA or 

migraine displayed impairments that lasted far beyond the expected brief symptom 

resolution window of hours-to-days. Furthermore, they identified that, once again, tasks 

testing bimanual skill and/or those that incorporate additional cognitive burdens, separate 

clinical- from control groups better than tasks that test unimanual and/or motor skill only.  

 These results provide a novel characterization of the stability of performance 

deficits over time in a subset of individuals who experience transient neurological 

symptoms. The next steps for this work will have to include not only characterization, but 

also prognostication: can performance at a single time point predict those who are at risk 

of subsequent events? Do these patterns and predictions differ for individuals who have 

had TIA compared to migraines? Finally, are there patterns of impairment that predict the 

acquisition of disability? Finally, does change in performance on Kinarm tasks correspond 

to risk prediction scores, or can it predict risk more effectively? To answer these and many 

other related questions, much larger samples will be required, with more detailed clinical 

follow-up. These cohorts should be followed for multiple years, if possible, to capture the 

true window in which TIA or stroke recurrence would take place. These findings should 

be related to structural imaging such as FLAIR and DTI, and should also be related to 

measures of brain functionality and connectivity derived from, for example, 

electroencephalography (EEG). Doing so will provide grounding for the results of robotic 

assessments so that they can truly fit into the bigger picture of neurological assessment and 

providing technological solutions to biomedical problems.  
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Appendix 

 

Figure A.1 Data normalization process and conversion to Task Score 

The process of converting raw data to a Task Score at a high level. A. Data are gathered from a 

given task. B. Parameters are extracted from the kinematics of the movements in the task (3 

example parameters are given, not necessarily corresponding to real parameter names). C. 

Parameters are standardized (converted to Z-scores). Effects of age, sex, handedness, and robotic 

platform are modelled using regression (age: linear; all others: logistic). D. Outliers are removed, 

and the distributions are de-skewed iteratively until no outliers remain. E. Parameters are combined 

into a single distribution using a root-sum-square (referred to as root-sum-square of Z-scores in the 

figure [RSS-Z]). One-sided Task Scores are generated with distributional properties approximating 

those of the standard Normal distribution.   
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Table A.1 Task descriptions. 

Task Description 

Visually guided 

reaching (VGR) 

VGR tests the ability to make smooth and accurate reaches. Participants 

were required to make quick and accurate reaches from a central target to 

4 peripheral targets in sequence (141,158).  

Object hit (OH) 

OH required participants to hit as many virtual balls away from them as 

possible.  The task got harder as it went on, with balls falling faster. The 

task lasted for a fixed amount of time (189). This task tests bimanual motor 

skill. 

Ball on bar (BOB) 

BOB tests bimanual coordination. Participants were required to move a 

ball balanced on a bar to a sequence of 4 targets, matching as many as 

possible in the 1 minute allotted per level.  In level 1 the ball was fixed to 

the bar but in subsequent levels the ball was able to move and fall off of 

the bar (150).  

Reverse visually 

guided reaching 

(RVGR) 

RVGR tests the ability to inhibit an automatic motor response. It is similar 

to VGR except the cursor indicating the participant’s hand position moved 

in the opposite direction of the hand (188) after attaining the central target.  

Object hit and 

avoid (OHA) 

OHA tests rapid decision-making processes. Participants had to hit two 

specific shapes (e.g. a vertical ellipse and a small square) and avoid 6 other 

distractors (149). It is similar to OH otherwise. 

Spatial span (SPS) 

SPS tests working memory. A random sequence of square targets was 

displayed on a grid which participants had to recall in the same order as 

they were presented.  Sequence length was increased 1 after a successful 

trial and reduced by 1 after an unsuccessful trial (167).  

Trail making 

(TMT) 

TMT required participants to navigate between targets labelled with 

numbers (1..2..etc; variant A) or numbers and letters (1..2..etc; variant B) 

in the correct sequence as quickly as possible. There were 25 targets in 

both variants (145,166). This task tests processing speed (A) and set-

switching (B). 

Arm position 

matching (PM) 

In PM, the robot moved one of the participant’s hands and the goal was to 

mirror-match the position as accurately as possible using the other hand. 

The participant could not see where their hand was, requiring the task to 

be completed ‘by feel’. The task was not timed (220). 
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Table A.2 Complete demographic characteristics for all people with TIA in our cohort. 

Participant 

number Gender 

Dominant 

hand 

Affected 

side Age DWI NIHSS 

CMSA-

L Arm 

CMSA-

R Arm MoCA 

1 F R R 69 - 0 7 6 30 

2 M R R 55 - 0 7 7 30 

3 F R L 49 - 0 5 7 30 

4 M R L 54 - 0 7 7 30 

5 M L R 66 - 4 5 6 22 

6 F R R 65 - 0 7 6 30 

7 M R R 67 - 0 7 6 27 

8 M R L 75 - 0 6 7 20 

9 F R L 50 - 0 7 7 29 

10 M R L 66 - 0 7 6 25 

11 M R R 85 - 0 6 6 16 

12 M R B 67 - 0 7 7 28 

13 F R L 72 - 0 6 6 30 

14 F R R 60 -* 0 7 7 30 

15 F R R 78 -* 0 6 6 30 

16 F R L 62 -* 0 7 7 30 

17 F R L 58 -* 0 6 6 26 

18 M R R 55 -* 0 7 7 30 

19 F R R 84 -* 0 6 7 25 

20 M R R 79 -* 0 7 7 26 

21 F R R 84 -* 0 7 7 25 

22 M R L 76 -* 0 7 7 20 

Mean ±SD 50% 

female 

95.5% 

right-

handed 

54.5% 

right-

affected 

67.1±11.1 - - 8 9 26.8±4.1 

DWI=Diffusion-Weighted Imaging. (-) indicates that DWI scanning was negative for 

acute ischemic lesions; * indicates that DWI scanning was not performed. 

NIHSS=National Institutes of Health Stroke Scale. CMSA=Chedoke-McMaster Stroke 

Assessment; L=left and R=right. MoCA=Montreal Cognitive Assessment.  
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Table A.3 Correlation coefficients between robotic assessment tasks and imaging 

variables. 

 

ARWMC CMI 

VGR-A 0.06 -0.06 

VGR-U 0.33 -0.19 

OHA 0.23 -0.03 

OH 0.05 -0.04 

BOB 0.14 0.10 

RVGR-A 0.55 0.05 

RVGR-U 0.27 0.06 

TMT 0.09 0.11 

SPS 0.35 -0.31 

APM 0.28 -0.45 
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Table A.4 Complete task score summary for all participants in our cohort of people with 

TIA. 

(-) indicates that a task was not completed. Tasks score are indicated as either below the 

5th percentile or within the normal range. 

Participant 

number 

VGR-

A 

VGR-

U 
OH OHA BOB 

RVGR-

A 

RVGR-

U 

TMT

-B 
SPS APM 

Tasks 

impaired 

per person 

1 0.03 0.56 1.88 0.29 - - - 1.03 - 1.71 
0/6 

2 0.17 0.59 0.49 0.39 - - - 0.35 - 0.65 
0/6 

3 0.30 0.76 0.96 1.13 - - - 0.78 - 0.52 
0/6 

4 0.20 0.18 0.46 0.09 - - - 0.09 - 0.34 
0/6 

5 1.50 2.95 1.51 0.39 - - - 1.25 - 1.60 
1/6 

6 0.70 0.51 0.98 1.52 - - - 0.88 - 1.50 
0/6 

7 1.06 1.17 1.21 1.30 - - - 0.92 - 2.35 
1/6 

8 0.94 1.84 1.22 0.47 - - - 1.32 - 0.65 
0/6 

9 1.99 1.86 0.27 0.21 - - - 1.37 - 1.10 
1/6 

10 1.50 2.15 0.61 1.23 0.75 2.31 2.51 1.97 3.41 0.51 
5/10 

11 1.86 2.63 1.28 2.51 0.97 1.67 3.23 1.44 7.85 2.32 
5/10 

12 0.49 0.68 1.21 0.38 0.17 0.72 0.10 0.55 1.31 0.95 
0/10 

13 1.18 1.56 0.96 1.19 3.83 4.04 5.08 1.54 4.21 1.57 
4/10 

14 1.03 0.56 1.59 1.08 - 1.35 1.78 0.52 0.75 0.79 
0/10 

15 0.70 0.27 1.08 1.23 0.87 3.96 2.54 0.44 2.29 0.22 
3/10 

16 0.63 0.49 1.52 0.40 0.63 0.26 2.47 1.50 0.01 0.89 
1/10 

17 3.36 1.55 1.34 2.96 5.33 3.36 4.93 3.85 1.55 1.98 
7/10 

18 0.30 0.07 0.20 0.14 0.35 1.01 0.87 0.06 1.32 0.41 
0/10 

19 0.42 0.71 0.14 0.55 1.32 1.52 1.53 0.98 1.08 1.78 
0/10 

20 2.93 1.21 0.80 1.53 1.97 2.77 2.11 0.73 1.10 0.57 
4/10 

21 1.12 1.03 1.63 0.91 - 1.56 1.23 0.99 3.15 0.11 
1/10 

22 0.56 1.39 0.71 1.11 1.10 2.21 3.58 1.83 3.33 2.00 
4/10 

Task 

impairmen

t rate (%) 

13.6 13.6 0 9.1 27.3 46.2 61.5 9.1 27.3 18.2 17.3 
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Table A.5 Complete R2 value summary for inter-task explanation. 

 VGRA VGRU OH OHA BOB RVGRA RVGRU TMT SPS APM 

VGRA 1          

VGRU 0.34 1         

OH 0.01 0.02 1        

OHA 0.45 0.12 0.06 1       

BOB 
0.38 0.04 

1.00E-

04 0.41 1      

RVGRA 0.21 0.01 0.001 0.32 0.57 1     

RVGRU 0.23 0.05 0.005 0.41 0.7 0.75 1    

TMT 0.42 0.3 0.05 0.38 0.5 0.15 0.4 1   

SPS 0.07 0.18 0.002 0.3 0.12 0.37 0.44 0.07 1  

APM 0.05 0.18 0.03 0.18 0.11 0.0003 0.07 0.24 0.06 1 

R2 values over 0.24 are indicated with bold text except for values lying on the unity line 

from top-left to bottom-right. Values are indicated as 0.59≥x≥0.25 and x≥0.60. 
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Table A.6: Statistical measures of change - BOB 

Row 

Outliers 

Removed 

Significan

t Change 

Assessment 

Confidence 

Learning 

Effect 

LE p-

value 

ICC-

C 

Z_TaskScore 0 1.33 0.94 -0.26 0.02 0.55 

Z_1_BarLengthVariability 0 1.45 1.03 -0.01 0.90 0.59 

Z_1_HandPathBias 0 1.65 1.16 0.25 0.10 0.41 

Z_1_HandSpeedDiff 2 1.54 1.09 0.03 0.80 0.53 

Z_1_HandSpeedPeakBias 0 1.63 1.15 -0.42 0.01* 0.41 

Z_1_LeftHandSpeedMaxima 3 1.48 1.05 0.21 0.08 0.59 

Z_1_MeanBallSpeed 0 1.59 1.13 0.56 <0.01* 0.54 

Z_1_MeanBarAngle 1 1.39 0.98 -0.07 0.55 0.85 

Z_1_MeanLeftHandSpeed 0 1.65 1.17 0.54 <0.01* 0.55 

Z_1_MeanMovementTime 1 1.46 1.03 -0.64 <0.01* 0.56 

Z_1_MeanRightHandSpeed 1 1.61 1.14 0.60 <0.01* 0.51 

Z_1_NormAbsHandSpeedDiff 1 1.41 1.00 -0.31 <0.01* 0.51 

Z_1_ReactionTime_AbsDiff 0 1.58 1.12 -0.06 0.70 0.27 

Z_1_RightHandSpeedMaxima 1 1.40 0.99 -0.02 0.87 0.58 

Z_1_StdevBarAngle 0 1.71 1.21 -0.12 0.38 0.43 

Z_1_TargetsCompleted 0 1.35 0.95 0.67 <0.01* 0.58 

Z_2_BarLengthVariability 1 1.48 1.05 -0.12 0.31 0.68 

Z_2_HandPathBias 0 1.52 1.08 0.23 0.06 0.34 

Z_2_HandSpeedDiff 0 1.43 1.01 0.10 0.40 0.52 

Z_2_HandSpeedPeakBias 0 1.42 1.00 -0.10 0.40 0.64 

Z_2_LeftHandSpeedMaxima 0 1.05 0.74 -0.07 0.39 0.75 

Z_2_MeanBallSpeed 0 1.39 0.98 0.32 <0.01* 0.64 

Z_2_MeanBarAngle 0 1.65 1.16 -0.17 0.23 0.39 

Z_2_MeanLeftHandSpeed 1 1.39 0.99 0.36 <0.01* 0.63 

Z_2_MeanMovementTime 0 1.45 1.03 -0.58 <0.01* 0.60 

Z_2_MeanRightHandSpeed 3 1.31 0.93 0.37 <0.01* 0.62 

Z_2_NormAbsHandSpeedDiff 0 1.49 1.05 -0.19 0.12 0.51 

Z_2_RightHandSpeedMaxima 0 1.17 0.83 -0.17 0.07 0.64 

Z_2_StdevBarAngle 0 1.55 1.10 0.08 0.73 0.38 

Z_3_BarLengthVariability 2 1.80 1.27 -0.06 0.66 0.54 

Z_3_Drops_Targets 0 1.59 1.13 -0.49 <0.01* 0.49 

Z_3_HandPathBias 0 1.83 1.30 0.07 0.64 0.61 

Z_3_HandSpeedDiff 0 1.14 0.81 -0.16 0.14 0.56 

Z_3_HandSpeedPeakBias 1 1.66 1.17 0.04 0.79 0.42 

Z_3_LeftHandSpeedMaxima 0 1.14 0.80 0.09 0.31 0.71 

Z_3_MeanBallSpeed 0 1.12 0.79 -0.29 <0.01* 0.80 

Z_3_MeanBarAngle 0 1.40 0.99 -0.07 0.69 -0.23 

Z_3_MeanLeftHandSpeed 3 1.14 0.80 -0.08 0.37 0.80 

Z_3_MeanMovementTime 0 1.29 0.91 -0.01 0.92 0.74 

Z_3_MeanRightHandSpeed 0 1.16 0.82 -0.04 0.63 0.78 

Z_3_NormAbsHandSpeedDiff 0 1.30 0.92 -0.09 0.40 0.64 

Z_3_RightHandSpeedMaxima 0 1.30 0.92 0.11 0.30 0.66 

Z_3_StdevBarAngle 0 1.49 1.05 -0.18 0.17 0.43 

Z_3_TargetsCompleted 1 1.15 0.81 0.41 <0.01* 0.58 

Z_M_score 0 1.69 1.19 0.28 0.04 0.39 

LE (learning effect) p-values are italicized if <0.05 and have an asterisk if significant after false discovery 

rate (FDR) correction. ICC-C = intraclass correlation coefficient, consistency type.  
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Table A.7: Statistical measures of change - OH 

Row 

Outliers 

Removed 

Significant 

Change 

Assessment 

Confidence 

Learning 

Effect 

LE p-

value 

ICC-

C 

Z_TaskScore 0 1.65 1.17 -0.18 0.15 0.49 

Z_HandBiasOfHits 0 1.49 1.05 -0.07 0.55 0.48 

Z_HandSelectionOverlap 0 1.85 1.31 -0.42 <0.01* 0.27 

Z_HandSpeedBias 0 1.50 1.06 -0.01 0.94 0.52 

Z_HandSpeedLeft 0 1.10 0.78 -0.12 0.17 0.67 

Z_HandSpeedRight 0 1.10 0.78 -0.11 0.21 0.72 

Z_HandTransition 0 1.86 1.32 0.16 0.26 0.47 

Z_HitsWithLeft 0 1.11 0.79 0.32 <0.01* 0.74 

Z_HitsWithRight 0 1.10 0.78 0.27 <0.01* 0.73 

Z_M_score 0 2.26 1.60 -0.03 0.88 0.04 

Z_MedianError 4 1.65 1.16 0.60 <0.01* 0.35 

Z_MissBias 1 1.58 1.11 -0.06 0.63 0.32 

Z_MovementAreaBias 1 2.15 1.52 0.05 0.77 0.15 

Z_MovementAreaLeftHand 1 1.46 1.03 -0.26 0.03 0.46 

Z_MovementAreaRightHand 0 1.46 1.03 -0.22 0.05 0.54 

Z_TotalHits 0 0.85 0.60 0.38 <0.01* 0.86 

LE (learning effect) p-values are italicized if <0.05 and have an asterisk if significant after false discovery 

rate (FDR) correction. ICC-C = intraclass correlation coefficient, consistency type.  
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Table A.8: Statistical measures of change - OHA 

Row 

Outliers 

Removed 

Significant 

Change 

Assessment 

Confidence 

Learning 

Effect 

LE 

p-

value 

ICC-

C 

Z_TaskScore 0 1.42 1.01 0.27 0.02 0.64 

Z_DistractorHitsLeft 0 1.85 1.31 0.15 0.29 0.43 

Z_DistractorHitsRight 0 1.87 1.32 0.01 0.93 0.41 

Z_DistractorHitsTotal 1 1.68 1.18 0.13 0.32 0.51 

Z_DistractorProportion 0 1.75 1.24 0.11 0.43 0.52 

Z_HandBiasOfHits 0 1.79 1.27 0.04 0.76 0.32 

Z_HandSelectionOverlap 0 1.57 1.11 0.05 0.71 0.48 

Z_HandSpeedBias 0 1.75 1.24 0.10 0.46 0.35 

Z_HandSpeedLeft 0 1.10 0.78 -0.19 0.03 0.74 

Z_HandSpeedRight 0 1.20 0.85 -0.12 0.22 0.72 

Z_HandTransition 0 1.84 1.30 0.15 0.35 0.36 

Z_HitsWithLeft 1 1.39 0.98 0.02 0.85 0.65 

Z_HitsWithRight 0 1.51 1.07 0.09 0.47 0.52 

Z_M_score 0 2.04 1.45 0.00 0.98 0.20 

Z_MedianError 1 1.94 1.37 -0.11 0.47 0.24 

Z_MissBias 0 1.87 1.32 0.01 0.95 0.23 

Z_MovementAreaBias 2 1.80 1.27 -0.05 0.72 0.23 

Z_MovementAreaLeftHand 0 1.36 0.96 -0.03 0.79 0.57 

Z_MovementAreaRightHand 0 1.24 0.88 -0.05 0.62 0.71 

Z_ObjectProcessingRate 0 1.35 0.95 0.01 0.91 0.62 

Z_ObjectsHit 0 1.59 1.12 0.17 0.17 0.65 

Z_TotalHits 0 1.21 0.86 0.08 0.41 0.75 

LE (learning effect) p-values are italicized if <0.05 and have an asterisk if significant after false discovery 

rate (FDR) correction. ICC-C = intraclass correlation coefficient, consistency type.  
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Table A.9: Statistical measures of change - APM-D 

Row 

Outliers 

Removed 

Significant 

Change 

Assessment 

Confidence 

Learning 

Effect 

LE p-

value 

ICC-

C 

IS 

error 

Z_TaskScore 1 1.82 1.28 -0.01 0.95 0.29 NA 

Z_AbsErrorX_m_ 0 2.14 1.51 0.30 0.37 0.12 ±0.09 

Z_AbsErrorXY_m_ 3 1.78 1.26 0.06 0.73 0.23 ±0.07 

Z_AbsErrorY_m_ 2 1.81 1.28 0.31 0.22 0.27 ±0.08 

Z_ContractionExpansionRatioX 2 1.68 1.19 0.21 0.14 0.45 NA 

Z_ContractExpansionRatioXY 0 1.42 1.00 0.16 0.19 0.58 NA 

Z_ContractionExpansionRatioY 0 1.41 0.99 -0.04 0.76 0.47 NA 

Z_M_score 0 1.81 1.28 -0.04 0.84 0.28 NA 

Z_ShiftX_m_ 1 1.36 0.96 0.00 0.98 0.31 NA 

Z_ShiftXY_m_ 0 1.77 1.25 -0.01 0.93 -0.01 NA 

Z_ShiftY_m_ 1 1.33 0.94 0.06 0.57 0.31 NA 

Z_VariabilityX_m_ 0 1.87 1.32 -0.04 0.83 0.36 NA 

Z_VariabilityXY_m_ 1 1.72 1.22 -0.05 0.76 0.41 NA 

LE (learning effect) p-values are italicized if <0.05 and have an asterisk if significant after false discovery 

rate (FDR) correction. ICC-C = intraclass correlation coefficient, consistency type. IS error = intra-subject 

error on the significant change derived from repeated trials. NA = Data not available. 
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Table A.10: Statistical measures of change - APM-ND 

Row 

Outliers 

Removed 

Significant 

Change 

Assessment 

Confidence 

Learning 

Effect 

LE p-

value 

ICC-

C 

IS 

error 

Z_TaskScore 0 1.72 1.21 -0.01 0.94 0.36 NA 

Z_AbsErrorX_m_ 0 2.45 1.73 0.25 0.19 0.21 ±0.08 

Z_AbsErrorXY_m_ 1 1.72 1.22 0.15 0.29 0.22 ±0.08 

Z_AbsErrorY_m_ 0 2.46 1.74 -0.10 0.49 0.35 ±0.09 

Z_ContractionExpansionRatioX 1 1.51 1.07 -0.13 0.24 0.49 NA 

Z_ContractExpansionRatioXY 0 1.43 1.01 -0.20 0.10 0.49 NA 

Z_ContractionExpansionRatioY 0 1.95 1.38 -0.20 0.13 0.58 NA 

Z_M_score 0 1.83 1.29 0.05 0.67 0.40 NA 

Z_ShiftX_m 0 1.76 1.24 -0.07 0.54 0.46 NA 

Z_ShiftXY_m 0 1.67 1.18 0.20 0.13 0.27 NA 

Z_ShiftY_m 0 1.98 1.40 0.02 0.85 0.53 NA 

Z_VariabilityX_m 1 1.91 1.35 -0.10 0.51 0.35 NA 

Z_VariabilityXY_m 0 1.83 1.29 -0.12 0.45 0.41 NA 

LE (learning effect) p-values are italicized if <0.05 and have an asterisk if significant after false discovery 

rate (FDR) correction. ICC-C = intraclass correlation coefficient, consistency type. IS error = intra-subject 

error on the significant change derived from repeated trials. 
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Table A.11: Statistical measures of change - RVGR-D 

Row 

Outliers 

Removed 

Significant 

Change 

Assessment 

Confidence 

Learning 

Effect 

LE p-

value 

ICC-

C 

IS 

error 

Z_TaskScore 0 1.34 0.95 -0.78 <0.01* 0.70 NA 

Z_CorrectionTime 0 1.81 1.28 -0.38 0.05 0.38 NA 

Z_InitialDirectionAngle 3 1.84 1.30 -0.74 <0.01* 0.62 ±0.15 

Z_InitialSpeedRatio 1 1.63 1.15 0.70 <0.01* 0.48 ±0.14 

Z_M_score 3 1.19 0.84 -0.74 <0.01* 0.77 NA 

Z_MaxSpeed 0 1.09 0.77 0.59 <0.01* 0.75 NA 

Z_MinMaxSpeedDifference 1 1.20 0.85 -0.08 0.43 0.73 ±0.14 

Z_MovementTime 0 1.02 0.72 -0.76 <0.01* 0.70 ±0.07 

Z_PathLengthRatio 2 1.72 1.21 -0.41 0.05 0.76 ±0.11 

Z_PostureSpeed 2 1.42 1.00 -0.31 0.02 0.56 NA 

Z_ReactionTime 1 1.20 0.85 -0.41 <0.01* 0.87 ±0.10 

Z_SpeedMaximaCount 0 1.45 1.03 -1.00 <0.01* 0.65 ±0.11 

LE (learning effect) p-values are italicized if <0.05 and have an asterisk if significant after false discovery 

rate (FDR) correction. ICC-C = intraclass correlation coefficient, consistency type. IS error = intra-subject 

error on the significant change derived from repeated trials. NA = Data not available 
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Table A.12: Statistical measures of change -  RVGR-ND 

Row 

Outliers 

Removed 

Significant 

Change 

Assessment 

Confidence 

Learning 

Effect 

LE p-

value 

ICC-

C 

IS 

error 

Z_TaskScore 0 1.79 1.27 -0.67 <0.01* 0.67 NA 

Z_CorrectionTime 0 2.31 1.64 -0.59 <0.01* 0.54 NA 

Z_InitialDirectionAngle 2 2.81 1.99 -0.73 <0.01* 0.56 ±0.16 

Z_InitialSpeedRatio 4 2.20 1.55 0.63 <0.01* 0.62 ±0.15 

Z_M_score 5 1.68 1.19 -0.56 <0.01* 0.74 NA 

Z_MaxSpeed 0 1.51 1.07 0.25 0.01 0.91 NA 

Z_MinMaxSpeedDifference 1 1.34 0.94 -0.14 0.24 0.58 ±0.15 

Z_MovementTime 0 1.52 1.08 -0.52 <0.01* 0.70 ±0.07 

Z_PathLengthRatio 1 3.17 2.24 -0.43 0.07 0.48 ±0.12 

Z_PostureSpeed 4 1.84 1.30 -0.10 0.53 0.24 NA 

Z_ReactionTime 0 1.59 1.12 -0.36 <0.01* 0.77 ±0.10 

Z_SpeedMaximaCount 0 2.40 1.70 -0.69 <0.01* 0.44 ±0.11 

LE (learning effect) p-values are italicized if <0.05 and have an asterisk if significant after false discovery 

rate (FDR) correction. ICC-C = intraclass correlation coefficient, consistency type. IS error = intra-subject 

error on the significant change derived from repeated trials. NA = Data not available. 
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Table A.13: Statistical measures of change -  SPS 

Row 

Outliers 

Removed 

Significant 

Change 

Assessment 

Confidence 

Learning 

Effect 

LE p-

value 

ICC-

C 

Z_TaskScore 0 1.48 1.04 -0.39 <0.01* 0.56 

Z_M_score 0 1.48 1.04 -0.39 <0.01* 0.56 

Z_MeanScore 0 1.44 1.02 0.38 <0.01* 0.56 

Z_TestTime 0 1.60 1.13 0.44 0.20 0.30 

Z_TimePerTarget 0 1.38 0.98 -0.31 <0.01* 0.66 

Z_TotalScore 1 1.44 1.02 0.38 <0.01* 0.56 

LE (learning effect) p-values are italicized if <0.05 and have an asterisk if significant after false discovery 

rate (FDR) correction. ICC-C = intraclass correlation coefficient, consistency type.  

. 
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Table A.14: Statistical measures of change - TMT 

Row 

Outliers 

Removed 

Significant 

Change 

Assessment 

Confidence 

Learning 

Effect 

LE p-

value 

ICC-

C 

Z_TaskScore 0 0.87 0.61 -0.23 <0.01* 0.75 

Z_B_A 0 1.08 0.76 -0.34 <0.01* 0.60 

Z_DwellTime 1 0.85 0.60 -0.34 <0.01* 0.75 

Z_M_score 0 1.18 0.83 0.07 0.46 0.62 

Z_TestTime 0 0.92 0.65 -0.28 <0.01* 0.69 

Z_TimeRatio 0 1.94 1.37 -0.26 0.11 0.07 

LE (learning effect) p-values are italicized if <0.05 and have an asterisk if significant after false discovery 

rate (FDR) correction. ICC-C = intraclass correlation coefficient, consistency type.  
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Table A.15: Statistical measures of change - VGR-D 

Row 

Outliers 

Removed 

Significant 

Change 

Assessment 

Confidence 

Learning 

Effect 

LE 

p-

value 

ICC-

C 

IS 

error 

Z_TaskScore 0 1.84 1.30 -0.23 0.17 0.34 NA 

Z_InitialDirectionAngle 0 1.90 1.34 -0.24 0.14 0.25 ±0.17 

Z_InitialDistanceRatio 0 1.44 1.01 0.35 0.03 0.20 NA 

Z_M_score 1 1.61 1.14 -0.15 0.30 0.54 NA 

Z_MaxSpeed 1 1.02 0.72 0.04 0.65 0.85 NA 

Z_MinMaxSpeedDifference 0 1.42 1.00 -0.28 0.04 0.54 ±0.11 

Z_MovementTime 1 1.44 1.02 -0.16 0.19 0.64 ±0.19 

Z_PathLengthRatio 0 1.64 1.16 -0.34 0.03 0.57 ±0.06 

Z_PostureSpeed 1 1.79 1.27 -0.12 0.48 0.35 NA 

Z_ReactionTime 1 1.34 0.95 0.02 0.85 0.73 ±0.21 

Z_SpeedMaximaCount 0 1.74 1.23 -0.43 0.01 0.14 ±0.23 

LE (learning effect) p-values are italicized if <0.05 and have an asterisk if significant after false discovery 

rate (FDR) correction. ICC-C = intraclass correlation coefficient, consistency type. IS error = intra-subject 

error on the significant change derived from repeated trials. NA = Data not available. 
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Table A.16: Statistical measures of change – VGR-ND 

Row 

Outliers 

Removed 

Significant 

Change 

Assessment 

Confidence 

Learning 

Effect 

LE p-

value 

ICC-

C 

IS 

error 

Z_TaskScore 0 2.19 1.55 -0.17 0.31 0.33 NA 

Z_InitialDirectionAngle 0 2.08 1.47 -0.45 <0.01* 0.26 ±0.17 

Z_InitialDistanceRatio 2 2.00 1.41 0.33 0.08 -0.05 NA 

Z_M_score 1 1.93 1.37 -0.07 0.64 0.53 NA 

Z_MaxSpeed 1 1.07 0.76 -0.03 0.71 0.84 NA 

Z_MinMaxSpeedDifference 0 1.66 1.17 -0.27 0.05 0.60 ±0.11 

Z_MovementTime 2 1.52 1.07 -0.04 0.68 0.61 ±0.19 

Z_PathLengthRatio 0 1.73 1.22 -0.37 <0.01* 0.70 ±0.06 

Z_PostureSpeed 1 1.99 1.41 -0.07 0.65 0.40 NA 

Z_ReactionTime 1 1.23 0.87 -0.11 0.34 0.70 ±0.23 

Z_SpeedMaximaCount 0 2.06 1.46 -0.23 0.13 0.34 ±0.22 

LE (learning effect) p-values are italicized if <0.05 and have an asterisk if significant after false discovery 

rate (FDR) correction. ICC-C = intraclass correlation coefficient, consistency type. IS error = intra-subject 

error on the significant change derived from repeated trials. NA = Data not available. 
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A.1 TIA CT scan protocol  

This section includes details of the CT scan protocol used when determining the eligibility of 

participants for the TIA cohort. Three scans were ordered each time: routine head, intravenous (IV) 

contrast, and post-contrast. 

 

PROTOCOL:   TIA Protocol 

INDICATIONS:  Atherosclerotic occlusive disease, TIA 

PATIENT POSITION: Supine in head holder 

SCOUTS anteroposterior & lateral: I 250   to  S 180 

1. ROUTINE  HEAD : Unenhanced 

2. IV CONTRAST: Reference – Appendix # 1 

            Omnipaque    350  : 75 cc 

                  4cc/sec  delay of 15 sec or use Smart Prep with ROI on the Arch of the Aorta 

 SCAN REGION: Arch of Aorta to above the include all of Circle of Willis 

 SCAN PARAMETERS:  

Helical Scan: 0.625  mm  

                                    Table Speed: 39.37 mm per rotation 

   Pitch:  0.984 : 1 

   Reconstruction Interval:  0.312 mm 

                                    IQ Enhanced 

   Rotation: 0.7  seconds 

   Technique:  Auto/Smart mA    600 mA     120 kiloVolts peak        

  Min.: 130 mA      

Max.: 600 mA      

Manual: 320 

                                     Noise Index: 14 

Noise Index adaptive statistical iterative reconstruction 30%: SS16.8 

=   16.8 

Noise Index adaptive statistical iterative reconstruction V 30% : AR20 

=20 (14 x 1.36 = 19.04) 

   Algorithm: Standard 

   Scan field of view: Large 

   Display field of view: 15 cm 
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3. ROUTINE HEAD :    POST CONTRAST 

                                   Helical Head 

                              Delay 3 Mins 

Direct multiplanar reformat    

Axial:        1.25mm  x .60mm 

                        Sagittal:    2.0mm x 2.0mm 

                        Coronal maximum intensity projection:     5.0mm x 2.0mm 

                        Sagittal maximum intensity projection:      5.0mm x 2.0mm 

Window parameters:  

Window width: 400   

Window level: 40 

 Right acromioclavicular joint is best site for injection 

 Instruct patient to hold breath & not swallow 

Order -  Head W and WO 

Document  

Complex Head W and WO 

Neck 

3D Image Acquisition 

Post Processing if any done i.e. VR Rotation of vessels or AV analysis 

 

   

 

                                                       

 


