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Abstract

Stroke is an acute injury of the central nervous system and is caused by the disruption

of blood flow or by the rupture of blood vessels. A stroke can impact many body func-

tions, often causing motor, speech, memory, vision and other sensory impairments.

It is highly prevalent and often requires long hospitalizations and post-stroke rehabil-

itation. The key to successful rehabilitation after stroke is an accurate assessment of

the impairment. Current clinical assessments of stroke-related impairments involve

physical assessment and visual observation by physicians. Existing clinical scores of

upper limb function often use observer-based ordinal scales that are subjective and

commonly have floor and ceiling effects. Therefore, these methods are not adequate

to reliably discriminate different levels of performance.

Robotics and integrated virtual reality systems have a tremendous potential to be

used in computational systems that analyze, visualize and aid clinicians to identify

and assess sensory-motor impairments. This thesis presents a framework for analysis

and extraction of reliable and valid features from robotic data that can be used

to accurately and objectively assess neurological impairments. The framework was

applied on the Object Hit task that assesses the ability of participants to select and

engage motor actions with both hands.

In addition, the Object Hit Task was compared to the Object Hit and Avoid
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task, which is a slight modification of the original task. The comparison was done

using a developed feature and task analysis framework. This framework encompasses

similarities and differences between tasks in a given experiment in terms of feature

information. The results showed that for the data used in the analysis, Object Hit

task is able to identify impairments more effectively than the Object Hit and Avoid

task. The overall results demonstrate that the Object Hit task provides an objective

and easy approach to quantify upper limb motor function and visuospatial skills after

stroke. The developed assessment tool can also be applied for diagnosis and prognosis

of other neurological deficits, beyond stroke assessment.
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1

Chapter 1

Introduction

1.1 Motivation

Stroke is an acute injury of the central nervous system. Stroke in the brain is caused

by the disruption of blood flow (ischemic stroke) or by the rupture of small blood

vessels (hemorrhagic stroke). The injury can impact a broad range of sensory, mo-

tor and cognitive functions. Due to long hospitalizations and required post-stroke

rehabilitation, occurrences of stroke place a significant burden on the health care

system.

Rehabilitation is an important part of stroke recovery and in most cases starts as

soon as possible after the stroke. The key to successful rehabilitation is an accurate

assessment of the impairment [41]. Clinical assessment provides a foundation for all

aspects of patient recovery, assisting diagnosis, prognosis and overall patient care [41,

102].

Current clinical assessment involves physical assessment and visual observation by

physicians and/or therapists [49, 41, 102], and thus is inherently subjective. Many of

the standardized clinical tests have floor or ceiling effects (e.g., Fugl-Meyer [83, 88],
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Mini-Mental Status Examination (MMSE) [44]). These assessments rely on observer-

based ordinal course scales, therefore, they cannot discriminate subtle deficits and

are not sensitive to minor improvements due to therapy.

The need for improved assessment methods has been recognized for stroke rehabil-

itation [128, 164, 133, 80]. Accurate, reliable and objective measures of neurological

impairments can enable rehabilitation programs to target patient deficits and, there-

fore, maximize the benefit of rehabilitation.

Robotic technology has a tremendous potential to be used in computational sys-

tems that analyze, visualize and aid clinicians to identify and assess sensory-motor

impairments [128]. Robotics can accurately measure and control limb movements and

apply forces to the limb. Combined with virtual reality, robotics can create complex

environments and simulate the properties of physical objects. A simple action, such

as reaching, can generate extensive information regarding limb movement. Robotic

technology can be used to design various tests to study a broad range of sensory,

motor, and cognitive functions. Such tests can stimulate visual and somatosensory

systems, assess bimanual coordination, object manipulation, rapid decision making

and more. These tests can also be applied for diagnosis and prognosis of different

neurological deficits and diseases.

The research presented in this thesis is part of an ongoing project to explore the

potential of robotic technologies as a novel approach to assess neurological impair-

ments due to stroke. The research has been carried out in collaboration with Queen’s

University researchers in the fields of neuroscience and biomedical computing, as well

as clinicians at Foothills Medical Centre in Calgary, Alberta, and at Saint Mary’s of

the Lake Hospital in Kingston.
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The assessment data for this project is collected using a bimanual KINARM (Ki-

nesiological Instrument for Normal and Altered Reaching Movements) exoskeleton

robot [129](BKIN Technologies Ltd., Kingston, Ontario). A detailed description of

the KINARM robot, setup and data collection can be found in [37, 27]. Briefly, the

robotic system permits movements of the arms in a horizontal plane, while providing

full gravitational support. It allows the collection of quantitative measurements of

upper-limb movements of a participant performing various behavioural tasks.

1.2 Objective

The objective of the thesis is to develop and validate a framework for analysis and

extraction of information from robotic data that would quantify sensorimotor im-

pairments of participants with stroke. The framework was applied on the Object

Hit task, which is a rapid, bimanual motor task that engages many brain processes.

It has the potential to detect impairments in motor execution and coordination, so-

matosensory, motor planning, and cognition. The task has simple instructions and

can be completed in just over two minutes.

To achieve this goal of my PhD research the following subgoals were addressed:

• Examine the Object Hit task and identify categories in which sensorimotor

performance can be assessed;

• Research existing methods for assessing motor impairments and select methods

that can be implemented for the Object Hit task;

• Identify new methods for assessing motor impairments that are appropriate for

the Object Hit task;
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• Through various high-dimensional visualization and data mining techniques, im-

plement specific measurements (features) that effectively and accurately identify

various neurological impairments;

• Research, implement and apply feature selection and ranking techniques and

identify appropriate methods for feature selection;

• Select a small, manageable subset of features that are reliable, valid and have

the highest potential to detect impaired performance;

• Develop a system that, given individual data, produces an assessment report.

The report provides a grade from 0 to 1 for each participant in the task, indi-

cating the level of performance in each category of assessment identified in the

first point.

The second part of this thesis focuses on the development and application of a

framework for feature and task analysis. The objective was to create definitions that

can be used in a variety of fields to perform feature-comparison in the same experimen-

tal task and/or feature-comparison of features from different tasks. Consequently, the

intra- and inter-feature analysis can be used to identify redundant features or tasks.

The developed framework was applied for the comparison of the Object Hit and the

Object Hit and Avoid task (a similar but slightly more complex version of the Object

Hit task).

To achieve the second goal of my PhD research the following subgoals were ad-

dressed:

• Examine the Object Hit and Avoid task and identify new features that can be

implemented for the task;
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• Research various methods for assessing cognitive impairments and identify tech-

niques that can be implemented for the Object Hit and Avoid task;

• Develop the definitions of the framework for feature and task analysis;

• Use the definitions to compare Object Hit to Object Hit and Avoid task.

1.3 Organization of the Thesis

Chapter 2 presents background information on stroke, brain areas and their function,

blood supply to the brain and common stroke-related impairments. The chapter

describes current clinical assessment methods and their limitations. It is followed by

a presentation of research on advanced assessment methods that employ magnetic,

robotic and other advanced technologies. The chapter also describes the KINARM

robot, data collection and current work that has been done to assess stroke-related

impairment using the KINARM robot. Finally, the chapter gives some background

information on various computational techniques that were used in the thesis.

Chapter 3 provides the analysis done on data collected with the KINARM robot

for the Object Hit and task. The first part of the chapter describes methods used to

assess, interpret and visualize the data. It describes the preliminary features for the

Object Hit task, the feature selection algorithm and the final set of selected features.

The second part of the chapter discusses the results of various analyses that were done

on the Object Hit data. It gives separate analyses of control participant and stroke

participant data. It demonstrates exemplar results for three selected participants for

the selected features of the Object Hit task and it presents results of the combined

control and stroke participant data.
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Chapter 4 describes the Fuzzy Neural Network that was developed to grade

participants’ performance on the Object Hit task. It presents the methods used to

construct the network and to validate the results. The second part of the chapter

shows the validation results and an example of a performance report generated by

the network using Object Hit data.

Chapter 5 presents the comparison analysis of Object Hit and Object Hit and

Avoid task. The first part of the chapter focuses on the Object Hit and Avoid task.

It describes methods for the analysis and feature extraction as well as task analysis

results. The second part of the chapter presents the framework for feature and task

analysis. The framework is then applied for the comparison of the Object Hit and

Object Hit and Avoid task.

Chapter 6 summarizes and gives conclusions for the thesis and suggests a number

of possible extensions to the current work as future research.



7

Chapter 2

Background

This chapter presents background material on stroke and its effect on brain function,

which is necessary for understanding the thesis. The chapter has several components.

First, an introduction to stroke, and stroke caused impairments is given. It includes

brief description of brain anatomy and blood supply. It is followed by an overview

of current clinical assessment methods of stroke-related impairments and research of

robotic/computer assisted assessments of neurological impairments. Then it describes

the KINARM robotic device and research that has been done on data collected with

the robot. Finally an introduction is given to various computational techniques used

in this thesis.

2.1 Stroke

Stroke is an acute injury of the central nervous system. Stroke in the brain is caused by

the disruption of blood flow (ischemic stroke, about 85-87% of strokes [51, 100]) or by

the rupture of small blood vessels (hemorrhagic stroke, about 13-15% of strokes). The

most common cause of ischemic stroke is occlusion of small cerebral arteries [59, 49].

The disruption of blood flow deprives neurons of oxygen and glucose, and in less
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than 5 minutes the affected cells start to die [9, 141]. Hemorrhagic stroke occurs

due to bleeding into the brain caused by high blood pressure, use of blood thinners

or abnormal deposits in the blood vessels of the brain; or bleeding around the brain

caused by trauma, aneurism or arteriovenous malformation [59, 49]. The flow of blood

from the ruptured blood vessel at high arterial pressure causes inflammatory response,

and rapid increase in local tissue pressure. As a result the blood flow in the affected

area is disrupted and the delicate structures of the brain are destroyed [49].

2.1.1 Stroke Statistics

The following data on stroke prevalence, death rates, consequences and cost are col-

lected from Canadian, European and American heart and stroke associations, foun-

dations and networks [51, 98, 100, 101].

Stroke can happen to anyone and at any age, however the risk of having stroke

doubles every 10 years after age 55. Stroke ranks in the top 4 of all deaths and is

highly prevalent in the United States (US), the European Union (EU) and Canada.

There is a 20% chance of a second stroke to occur within two years.

Stroke survivors generally have a long length of hospital stay compared to patients

with other health problems (17 days on average) [100]. Stroke is also the leading

cause of serious long-term disability in North America and the EU [51, 98]. In the US

between 2002-2003, 45% of stroke survivors returned home, 24% were discharged to

inpatient rehabilitation facilities, and 31% were discharged to skilled nursing facilities.

More than half of all stroke survivors require some form of rehabilitation as a result

of physical disability and/or loss of cognitive functions.

Due to long hospitalizations and required post-stroke rehabilitation, occurrences
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of stroke place a significant burden on the health care system. The estimated direct

medical cost of stroke for 2009 in the United states was $22.8 billion and e 19 billion

in the EU.

2.2 Stroke Related Impairments

The effect of a stroke depends on the location and the size of the lesion, as well as

the age of the patient [59]. This section provides a description of the most common

symptoms and classic syndromes associated with stroke. First, for better understand-

ing of the stroke-related impairments, a brief overview is given of the brain and the

vascular anatomy. The presented information was summarized from [109, 59, 49, 41,

141, 93, 137].

2.2.1 Brain Areas and Their Function

The central nervous system (CNS) is the main controller of the body. It receives,

processes and sends signals to all parts of the body. The CNS regulates all of our

movements, thoughts and sensations. The CNS is usually considered to consist of

seven parts: the spinal cord, the medula, the pons, the midbrain, the cerebellum, the

diencephalon, and the cerebral cortex (Figure 2.1A). Different parts of the brain are

responsible for different aspects of body function.
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Figure 2.1: Anatomy of the Brain, adopted from [109] with permission (see Ap-
pendixD). A) Seven main parts of the central nervous system. B) Vas-
cular anatomy overlayed over the four lobes of the cerebral cortex.
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The medulla, pons and midbrain, collectively referred to as the brainstem,

are located at the base of the brain and extend from the spinal cord. The brain-

stem contains many neural pathways between the upper brain and the rest of the

body [59, 109]. It is responsible for essential body functions such as control of heart

rate, breathing, blood pressure, and level of consciousness [141, 109]. Located between

the medulla and pons are the vestibular nuclei that play a role in the perception of

body position and orientation in space. A stroke in the area of the brainstem can be

fatal; or, depending on the location of the lesion, it can cause contralateral motor and

sensory loss, double vision, imbalance, impaired perception and/or eye movements,

difficulty swallowing and weakness of face and/or limbs, impaired auditory and/or

visual reflexes [59, 141]. Damage to the pons and medulla often cause bilateral im-

pairments [141].

The cerebellum is located dorsally from the brainstem and it is essential for

the coordination and planning of movement, however, its precise function is not yet

fully understood [46]. Stroke affecting the cerebellum or its direct connections causes

problems with standing or walking, difficulties in maintaining balance while sitting

or standing, and various motor and cognitive impairments [141].

The diencephalon is located above the brainstem and is surrounded by the

cerebral cortex. The main functional areas of the diencephalon include the thala-

mus and the hypothalamus. All ascending communication to the cerebral cortex are

transmitted through the thalamus. Damage to the thalamus may cause contralat-

eral hemisensory loss, contralateral hemianesthesia, mild hemiplegia, pain syndromes,

mild aphasia and neglect syndrome. Functions of the hypothalamus include control

of the endocrine system (hormone production), regulation of metabolic processes,
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homeostatic functions (feeding, drinking, thermoregulation), formation of memory,

and control of the autonomic nervous system and emotional responses [49, 137, 141].

Damage to the hypothalamus can cause any number of deficits in the above mentioned

functions [49].

The cerebral cortex consists of two cerebral hemispheres that have contralateral

control of the body: the right hemisphere influences the left half of the body and

the left hemisphere influences the right half of the body [141]. The two cerebral

hemispheres are anatomically divided into four lobes: frontal, parietal, temporal and

occipital (Figure 2.1B). The two hemispheres are nearly structurally identical, but

there are certain functional specializations that are different between left and right

hemispheres [59, 141]. The left hemisphere senses and controls movements on the

right side of the body and, in the majority of people, is more involved in language-

based skills, math, logic, abstract and analytical thinking, and motor function (hand

dominance). The right hemisphere senses and controls movements on the left side

of the body and is more specialized in emotion, intuition, artistic and creative skills,

music, facial perception, spatial orientation and other visuospatial skills [109, 141].

The left and right hemisphere share information and communicate with each other

and other areas of the brain through connecting regions of white matter and projection

fibers.

The frontal lobe is the largest lobe in the human brain and consists of three

major regions: motor (primary motor cortex), premotor (premotor cortex) and pre-

frontal regions [93]. The primary motor cortex is responsible for the execution of

voluntary movements. The premotor cortex is responsible for planning and selection

of movements. The prefrontal areas are involved in many functions such as control
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of movements required for speech, voluntary eye movements, processing smells and

many cognitive functions [93, 141]. Stroke in the area of the frontal lobe can impair

various functions depending on stroke location [93, 137].

The parietal lobe is located in the superior-middle part of the cortex between

the frontal and occipital lobes. It is mainly involved in processing of sensory infor-

mation [141]. Damage to the parietal lobe may cause sensory impairments such as

impaired sensations for pain, touch, position sense and pressure. In addition, patients

often suffer from unilateral neglect syndrome, or have difficulty locating objects in

space and performing visually guided movements, have impaired perception of mo-

tion, or difficulty passing visual information to the motor system [141].

The temporal lobe is located in the lateral sides of the hemispheres and con-

tains the primary auditory cortex, auditory association area and pyriform cortex [141].

The auditory cortices process elementary speech sounds and other temporally com-

plex acoustical sounds such as music. The auditory association area processes more

complex information necessary for communication and is responsible for sound inter-

pretation. The pyriform cortex receives and processes olfactory signals. In addition,

the posterior-inferior part of the temporal lobe contains areas that are responsible

for high resolution vision and object recognition as well as semantic knowledge of

objects and persons [141]. Stroke in the area of the temporal lobe can lead to hearing

and various comprehension impairments. In very rare occasions an impairment in the

sense of smell and taste may occur [41].

The occipital lobe is located in the posterior part of the cortex and is primarily

occupied by the primary visual cortex that processes visual inputs received from

the eyes [141]. The visual association area surrounds and is connected to the primary
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visual cortex. It further processes the visual information by analyzing and interpreting

the meaning of visual input. Damage to the occipital lobe or the visual pathways

may result in various visual impairments and interpretative disorders depending on

the location of the lesion.

In addition to the cerebral hemispheres, the cerebral cortex also contains impor-

tant subcortical structures such as basal ganglia and limbic system [141]. The limbic

system is a group of different structures that surround the thalamus. It is responsi-

ble for the regulation of emotions and motivated behaviour such as fleeing, feeding,

fighting and sexual behaviour. It is also involved in memory consolidation and re-

trieval. Damage to the structures of the limbic system causes various impairments

depending on the location of the lesion. The hippocampal damage often severely

impairs memory function, particularly spatial memory.

The basal ganglia is a group of nuclei involved in movement control by regulat-

ing the initiation, termination and intensity of voluntary movements, and postural

control. Basal ganglia receives signals from nearly all cortical areas, predominantly

from association areas in frontal and parietal lobes [141]. Damage to the basal ganglia

causes cognitive impairments and impairs movements and posture, including tremor,

rigidity and involuntary movements, and loss of postural reflexes [93, 141].

2.2.2 Blood Supply

This subsection gives a brief overview of the blood supply to the brain summarized

from [7, 41, 49, 102, 59, 141, 109, 137].



2.2. STROKE RELATED IMPAIRMENTS 15

Figure 2.2: Vascular Anatomy of the Brain, adopted from [109] with permission (see
AppendixD).

The blood supply of the brain is provided by the vertebral and the common carotid

arteries (Figures 2.1B and 2.2). The common carotid arteries enter the brain on the
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sides of the neck where they bifurcate to form the internal carotid and the external

carotid arteries. The external carotid arteries supply neck, face and scalp while most

of the blood reaching the brain is supplied by the internal carotid arteries.

The vertebral arteries supply about one-fifth of the total blood to the brain.

They bring blood to the core of the brain, the cerebellum, and the posterior part

of the brain. Branches of the vertebral arteries provide blood to the cerebellum,

pons and the medulla. At the level of the pons the blood from the vertebral arteries

enters the posterior cerebral arteries that supply the medial and inferior surfaces of

the occipital and temporal lobes, parts of the parietal lobe and several subcortical

structures. The posterior cerebral arteries join with the internal carotid arteries and

form an arterial ring (the circle of Willis).

The internal carotid artery gives off a branch to the ophthalmic artery that

supplies blood to the orbit and the optic nerve. Large branches of the internal carotid

artery form the anterior cerebral arteries (ACA) and the middle cerebral arteries

(MCA). The anterior cerebral arteries supply anterior areas of medial frontal and

parietal lobes and deep structures of the diencephalon and cerebrum. The main

stem of the middle cerebral artery divides into superior trunk and inferior trunk.

The superior trunk supplies blood mostly to the lateral frontal lobe and portions of

parietal lobe, while the inferior trunk brings blood to lateral temporal and occipital

lobes and parts of parietal lobe. Other branches of the middle cerebral artery supply

blood to the medial temporal lobe and subcortical structures of the brain.
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2.2.3 Common Stroke Related Impairments

A stroke can impact any number of body functions, often causing sensory-motor,

speech, vision, and memory impairments, where the most evident impairment occurs

in the side contra-lateral to the side of the brain damage [109, 49, 141]. Brain damage

due to hemorrhagic stroke is more diffuse and often causes devastating neurological

disability [49].

Brain damage due to the ischemic stroke can occur in all or portions of the brain

areas that are supplied by the occluded artery. The severity of the neurological

impairments depends on whether the occlusion was incomplete or total [137]. In

most cases the ischemic stroke is caused by the occlusion of the middle cerebral and

vertebral arteries [137, 59].

The “lacunar stroke syndrome” occurs when small deep perforating brain arter-

ies are occluded and cause small (1.5 cm or less) infarcts. In a vast majority of

cases ( 80%), lacunar strokes occur in the white matter, basal ganglia, or thalamus,

while other lacunar strokes affect the cerebellum and pons [167]. The most com-

mon lacunar-stroke syndromes include pure sensory deficits, pure motor hemiparesis,

dysarthria or ataxic hemiparesis. A widespread and posterior subcortical lacunar

infarct may often produce dementia.

According to the 2013 report from the American heart association (AHA) [51],

fifty percent of ischemic stroke survivors (≥65 years of age, six month post stroke)

had some form of hemiparesis, i.e. muscle and movement problems. The patients may

have some form of muscle weakness, either because of non-use or because of direct

impact of stroke. In the severe case there might be paralysis of the contra-lesional

side of the body. In general, the upper limbs are more affected than the lower limbs
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and fine hand-movements rarely fully recover [59]. Spasticity is one of the common

complications following stroke that results in uncontrollable muscle tightness in the

affected arm or leg and manifested as a stiff and knotted position of hands and/or

stiff knees and hips [137].

Many stroke survivors suffer from various cognitive impairments (46%, AHA re-

port [51]) such as lack of concentration or impaired attention, memory, perception,

motor planning (apraxia) or executive function [137]. Approximately one third of

stroke survivors experience post-stroke depression, emotional and behavioral prob-

lems (35%, AHA report [51, 49]). Speech and language functions are commonly im-

paired when the left (or language dominant) hemisphere is affected by stroke (19%,

AHA report [51, 59]).

Other commonly occurring stroke-related impairments include various sensory and

perceptual deficits [41], visual field impairments or hemianopia [41], visual perceptual

disorders, numbness and loss of sensation in the affected side, and loss of bladder

and bowel control [49]. Unilateral neglect (also referred to as unilateral visuospatial

neglect, unilateral spatial neglect or unilateral body neglect) occurs when the patient

is unable to integrate perception from one side of the body. The patient with unilateral

neglect ignores one half of his/her body or environment. The neglect is most common

and most severe following right hemisphere lesions [102, 141, 41, 137].

2.3 Stroke Assessment

Stroke can impact a broad range of sensory, motor and cognitive functions. Rehabil-

itation is an important part of stroke recovery, and in most cases, starts as soon as

possible, depending on the severity of the stroke. The key to successful rehabilitation
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is an accurate assessment of the impairment and choosing the appropriate program

for rehabilitation [41, 102]. Clinical assessment provides a foundation for all aspects

of patient recovery, assisting diagnosis, prognosis and overall patient care. This sec-

tion presents a summary of current assessment approaches used by clinicians that was

summarized from [49, 41, 102, 137] and discusses the limitations of current techniques.

The section concludes with a presentation of research on the use of robotic and more

advanced techniques in assessment of motor function and stroke impairments.

2.3.1 Clinical Assessment Requirements

Assessment tools to quantify impairments following stroke must provide the thera-

pist and the patient with a meaningful measure of disability [41]. The World Health

Organization classifies functional disability as “an umbrella term for impairments,

activity limitations and participation restrictions” [104]. Impairment refers to prob-

lems in body function or structure, for example hearing loss. Activity limitations

are difficulties an individual may have in performing activities of daily living (e.g.

making a cup of tea). Participation restrictions refer to problems an individual may

experience in involvement in life situations (e.g. cannot dance at a wedding).

An assessment tool should be applicable for use in clinical practice, it should be

affordable, relatively easy to administer for the clinician and suitable to patients with

various levels of functional impairments. The clinical measure must also be valid,

reliable, responsive and time efficient [102, 137, 41, 172].
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Validity

A functional assessment measure is valid when it is proven to measure what it intends

to measure [41, 172]. A low score for a given function should correspond to actual

functional disability. If a patient does not show any impairment for a given function

but has low scores on the test that intended to test this function, then the test is

not valid. There exist several types of validity [137] and it is often hard to establish

validity [41]. Often assessments tools are tested for concurrent validity by comparing

the new test scores to established clinical measurements administered at the same

time [137].

Reliability

The reliability of an assessment measure can be defined as an ability to produce

similar results for repeated measurements [137, 41, 172]. It can be tested by re-

administering the measure by the same person over time (test-retest reliability) or

by re-administering the measure by a different person (inter-rater reliability). A

reliable measure should produce very similar results regardless of who administers

the assessment. An assessment measure that has a correlation between the repeated

measures of 0.7 or higher is considered to be reliable [119, 172]. The reliability is vital

for the assessment results to be consistent between different therapists.

Responsiveness

Responsiveness is the ability of the clinical assessment tool to measure change over

time [41]. An assessment measure should be able to detect changes in performance of

stroke patients when their function actually changes over time, and it should remain
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the same or have little change when the patient’s function remains the same [137]. An

assessment measure should be responsive if it is intended to evaluate performance.

Other Issues

It is important for an assessment to be time efficient because stroke patients usu-

ally fatigue quickly and often cannot perform lengthy procedures. In designing an

ideal assessment tool, it is also important to consider environmental issues that can

influence the performance and results of a test [172]. These issues include attention

deficits, impaired vision, inability to understand instructions, directions or give re-

sponses, language barriers, or the participant’s state of mind (e.g, depression, bad

mood, not taking the test seriously).

2.3.2 Current Clinical Assessment Methods

Generally, current clinical assessment of stroke-related functional disabilities involves

physical assessment and visual observation by physicians and/or therapists [41, 137].

The initial clinical assessment tries to identify cognitive, motor and functional abili-

ties in order to quantify the extent of disability. It is designed to identify areas that

need further in-depth assessment and to set up realistic and prioritized goals for re-

habilitation. This evaluation usually consists of a medical record review, an interview

of the patient and family, and different activity tests [41].

To give an example of some of these tests, a therapist may ask the patient to

copy a diagram, to draw a clock including numbers, to follow a moving finger with

their eyes, to fill a glass with water, to find a letter on a page of text or to identify

objects presented in both visual fields simultaneously [102]. The motor function is
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usually checked through handling and observation of the patient’s ability to move,

stand, walk, sit, maintain position, change position, shift weight, grasp [41, 102].

The evaluator observes the patient’s behaviour and notes any difficulties, delays or

abnormalities in the performance [41].

In addition to the initial evaluation, the assessment often includes a variety of

standardized measures or assessment tools (see [41] pp.198-199 for a list of various

assessments). The results of these tests are used in combination with observational

assessment to decide on the best rehabilitation strategy [41].

There is no consensus in clinical practice on which assessment tools are the best

and the choice of a test often depends on the therapist’s preference [41]. The Cana-

dian Best Practice Recommendations For Stroke Care has a list of assessment tools

that it advises to use to assess various impairments [84]. These tools include the

Functional Independence Measure (FIM) [73], Chedoke-McMaster Stroke Assessment

(CMSA) [5], Modified Ashworth Scale (MAS) [11], Nine Hole Peg Test [90, 89], the

Montreal Cognitive Assessment (MoCA) [97] and Mini Mental State Examination

(MMSE) [44].

These assessment tests are usually designed to identify impairment and activity

limitations. In general, these tools are tested for validity and reliability and provide

consistent scores. Please see AppendixA for more detailed description of these tests.

2.3.3 Current Stroke Assessment Limitations

There are many challenges with current stroke assessment methods [128]. Many stan-

dardized assessment tools are based on questionnaires to self-report functional abil-

ities [137] (e.g., FIM [73], Barthel Index [87]). These assessment tools tend to be
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unreliable and invalid unless relatively coarse rating systems are used. Moreover, the

coarse scales make it difficult to discriminate different levels of performance and to

quantify subtle but clinically important functional changes.

Other standardized assessment tools are based on direct observation of a par-

ticipant performing a series of tasks (e.g. BIT behavioural subtest [61], MMSE [44],

CMSA [52]). These tools can be potentially faster and more specific than observing

complex activities of daily living. However, usually their results still depend on the

observation and evaluator’s experience, and in order to be valid and reliable these

assessments rely on coarse scales (e.g., CMSA [52]; Fugl-Meyer [47]).

Most of the standardized tests are not appropriate for many patients because they

may have floor or ceiling effects (e.g., Fugl-Meyer [83, 88], MMSE [44]). A ceiling effect

means a patient with high-level function may receive the highest score possible but

still have observable impairments. In contrast, a floor effect means a patient can

receive the lowest score but have more severe impairment compared to other patients

with the same score.

There is general criticism that in many cases the validity of the standardized

tests has not been adequately tested [172]. Another criticism highlights that many

existing tools do not have enough breadth to cover the wide range of cognitive and

perceptual deficits found in stroke patients [102]. On the other hand tests that do have

excellent breadth are relatively imprecise and are unable to measure relevant changes

in function among stroke patients [137]. The few tests that do adequately capture all

brain faculties and have enough depth to measure relevant changes, usually take a long

time to administer and therefore are impractical in to use in clinical practice [137].
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2.3.4 Advanced Techniques to Assess Sensory and Motor Impairments

The need for improved clinical assessment methods has been recognized in stroke re-

habilitation [128, 164, 133, 80]. Improved assessments that accurately measure neuro-

logical impairments can enable rehabilitation programs to target exactly the patients’

deficits. This section presents current research and development of techniques to as-

sess sensory and motor impairments that potentially can be used to improve current

clinical assessment methods.

Motor actions such as reaching and grasping are common in everyday life, and

when impaired, can impact the ability of the patient to perform activities of daily

living. In the past few years new research has evolved to apply various advanced

technologies to evaluate motor actions from grasp planning and execution [111], to

the ability to perform activities of daily living using a mechatronic platform that

measures force and torque signals [31]. Hu et.al. [68] evaluated wrist function using

EMG signals. On the other hand, Takahashi et.al. [140] evaluated the hand-wrist

function by looking at sensorimotor cortex activation using fMRI. In addition, differ-

ent research has been done to assess proprioception (the ability to sense body position

and orientation in space) using manual mechanical devices [17, 99].

Motion tracking systems can capture body movement in space using optic or mag-

netic tracking technologies. These systems have been used to study impairments in

motor function, notably for impairments in lower limb function [30, 126, 148, 138];

but also to highlight impairments associated with upper limb function [2, 20, 29, 69,

80, 24, 159, 78, 122, 96]. The advantage of these systems is that they can capture

three-dimensional kinematics of human movement. A disadvantage of these systems
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is that they cannot apply loads and thus observe how participants respond to dis-

turbances from the environment. They cannot actively move a participant’s limb

through desired trajectories to assess spasticity or range of body motion.

Robotic technologies are widely used in stroke rehabilitation and therapy re-

search (see [75, 76, 77, 64] for a review). However, this technology also has tremendous

potential to quantify sensory-motor impairments [128, 156]. Robotics and integrated

virtual reality systems can accurately represent the environment and simulate the

properties of physical objects. The technology can control limb movements, apply

forces, and repeatedly and accurately measure performance at a very rapid rate.

Therefore, a simple movement such as reaching can generate rich information about

limb motor function.

Recently, robotic technologies were used to quantify sensorimotor function and

identify unique patterns of deficits in individuals with stroke [12, 19, 27, 37, 42, 74,

75, 112, 114, 136, 155, 156, 168, 171, 127]. These studies demonstrate the ability to

accurately and precisely quantify upper limb impairments in proprioception [37], pos-

tural control [27], motor coordination [75, 127], visuomotor reactions and/or reaching

performance [27, 112, 155, 12, 19, 156, 168], motion planning [42], hand movement [74],

wrist function [68] and ankle stiffness [114].

Many of the motion capture and robotic studies of upper limb movement rely on

different variations of the visual-guided reaching task [12, 19, 27, 127, 24, 159, 158, 122,

78]. Visually-guided reaching is a common motor action in everyday life, therefore,

many studies have quantified this motor function in stroke patients. Typically, in this

task a participant is asked to move to a start target, maintain posture for a random

time period, then move and maintain their hand at a second target. Although this
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task provides important information related to upper limb motor function, it can take

a substantive amount of time to complete. In addition, the task only tests one limb

at a time. In order to measure several movement directions across multiple trials

with both limbs, these visual-guided reaching tasks can take 10 minutes or more [26].

As stroke subjects fatigue quickly, there is considerable pressure to develop fast and

effective methods to quantify neurological impairments.

Robotic technology has the potential to be used in designing fast and effective

methods to assess neurological impairments. Some current clinical measures can be

implemented using robotic technology (e.g. Trail Making task, BKIN Technologies

Ltd.). However, the technology can be used to design new tests that didn’t exist

before to study a broad range of sensory, motor, and cognitive functions.

This thesis focuses on a task that provides an objective and effective approach to

quantify upper limb motor function and visuospatial skills after stroke. The task re-

quires simultaneous bimanual sensorimotor performance of the upper limb. The task

offers the ability to directly examine how much and how well stroke participants use

their more affected limb in an environment where they may choose not to do so [149].

It is a rapid, bimanual motor task that engages many brain processes. Analyses of

object hit task data can potentially identify impairments in motor execution and coor-

dination, somatosensory, motor planning, and cognition. Moreover, task difficulty is

increased across time, increasing cognitive demand and visuospatial attention beyond

previously-used reaching paradigms and many simple pencil and paper tasks. The

task has simple instructions and, not including the KINARM setup, can be completed

in just over two minutes [149]. The developed assessment tool can also be applied for

diagnosis and prognosis of other neurological deficits, beyond stroke assessment.
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The task is performed using the Kinesiological Instrument for Normal and Altered

Reaching Movements (KINARM) robotic device (BKIN Technologies Ltd., Kingston,

Ontario). The following section describes the device and previous research that was

done using this technology.

2.3.5 KINARM

KINARM Device Description and Setup

KINARM (Kinesiological Instrument for Normal and Altered Reaching Movements)

is an exoskeleton robotic device (Figure 2.3; BKIN Technologies Ltd., Kingston, On-

tario). It was developed to study fundamental issues in upper limb motor control and

learning in human and non-human primates [134, 129]. Currently, this technology

is used for clinical research to assess sensory and motor function of subjects with

various neurological disorders such as stroke, traumatic brain injury and fetal alcohol

spectrum disorder. The research has been carried out in collaboration with Queen’s

University researchers in the fields of neuroscience and biomedical computing, as well

as clinicians at Foothills Medical Centre in Calgary, Alberta, and at Saint Mary’s of

the Lake Hospital in Kingston.

Participants are seated in a wheel-chair base with their arms resting on three

plastic arm troughs (one trough each for upper arm, forearm and hand). The setup

permits movements of the arms in the horizontal plane, while providing full gravita-

tional support of the participant’s arms. The troughs are attached to an adjustable

four-bar linkage. The experimenter adjusts the linkage and the troughs for each in-

dividual participant, ensuring comfortable and correct position and that the joints of

the robot are aligned with the participant’s shoulder and elbow joints. During the
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task, a virtual environment is achieved by occluding direct vision of the participant’s

arms. Various visual targets are then projected using a two-way mirror into the hor-

izontal workspace. The robot allows for collecting quantitative measurements of the

movements of the upper limbs of a participant performing a behavioural task. It

takes about 10 to 15 minutes to setup and calibrate a participant in the robotic sys-

tem. During the setup, the participants are not required to execute any movements

or actions that might cause fatigue. For a more detailed description of the KINARM

please refer to [37, 27, 26, 129]

Figure 2.3: The KINARM robot. The participants are seated in a wheel-chair base
while their arms are resting on plastic arm troughs (one trough each for
arm, forearm and hand). The troughs are attached to an adjustable four-
bar linkage. The experimenter adjusts the linkage and the troughs for
each individual participant, insuring comfortable and correct position of
the participant during the experiment. Visual targets are projected using
a two-way mirror into the horizontal workspace.
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Data Collection

The KINARM data is usually collected from control participants with no neurologi-

cal impairments and from participants with stroke or other neurological impairment

depending on the study. Data is collected by different researches and staff in our

research group, including myself. Although, I collected data from less than 10 control

participants. Each participant undergoes a robotic session that consists of several

tasks. The tasks include (in typical order of execution): Visually Guided Reaching

task for both arms, Position Matching, Trail Making, Object Hit, and Object Hit and

Avoid. The research group in Calgary also runs the Kinesthetic Matching task.

The visually guided reaching, position matching and kinesthetic matching tasks

were previously studied and are presented in more detail in the following sections.

The analysis of the trail making is currently in progress. The object hit, and object

hit and avoid tasks are the focus of this research and are described in more detail

throughout the thesis. In our research group we assume that all participants with

stroke have an impairment. Therefore, an ideal assessment measure would identify

impairment in 100% of stroke participants.

Visually Guided Reaching Task

Following the experimental setup, a participant is typically asked to perform the

Visually Guided Reaching Task. The task consists of two trials for each arm. Par-

ticipants are instructed to move the examined arm quickly and accurately from the

central target to 1 of 8 illuminated peripheral targets (1.0 cm radius); and subse-

quently, maintain the hand at the target for the remainder of the trial. The 8 targets
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are distributed uniformly in a circle around the central target (10 cm radius). Partic-

ipants are given 3000ms to complete each reaching trial. Eight trials are recorded for

each of the eight targets in a pseudo-random blocked design for a total of 64 reaching

movements for each arm. The detailed description of the task, data analysis and

results can be found here [27, 26].

In that research twelve features were identified to characterize performance in 5

categories: 1) postural control, 2) reaction time, 3) initiation of movement 4) correc-

tive responses and 5) total movement metrics [27]. The best of the 12 features showed

motor impairments in 81% of left-side-affected and in 50% of right-side-affected stroke

participants.

In the first two years of my Ph.D program I also worked on the analysis of the

Visually Guided Reaching Task. I visualized and analyzed the data using Self Orga-

nizing Maps [150] and I developed a feature to assess the “straightness” of reaching

movement using Fourier analysis [151, 152, 153]. Through this analysis I identified

65% of right-side affected and 59% of left-side-affected stroke participants to have

impaired reaching movements with the right hand. For the left-hand reaching data,

41% of the right-side-affected and 96% of left-side affected stroke participants showed

impaired reaching compared to the control group. I also supervised an undergraduate

student project that investigated the reaching data using time series analysis [82].

Position Matching Task

Following the Visually Guided Reaching task, participants typically performed the

Position Matching task. For a detailed description of the task, data analysis and

results please see [37, 36].
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In each trial of the task, the robot actively positions one of the participant’s

arms (passive arm) in one of nine predefined locations on the screen separated by

10 cm. Participants are then instructed to mirror-match the position of the passive

arm with their other (active) arm at their own pace. There is no feedback given

to the participants about the location of their hands, therefore, they must rely on

proprioception to accurately match the position of the passive arm.

Each participant completed six randomized blocks resulting in a total of 54 trials.

Control participants completed the task for both arms (one trial for each arm), and

stroke participants completed only one trial where the robot positioned their most

affected arm (passive arm).

In that research data analysis identified three features: 1) Trial-to-trial variability

captures the trial-to-trial consistency of the active arm in matching the passive arm.

2) Spatial contraction/expansion measures the proportion of the area covered with

the active hand relative to the area covered by the passive arm. 3) Systematic shift

describes the mean error between the position of the active arm and the actual position

that the participant had to achieve [37].

This task identified a position sense impairment in 67% of left-side-affected and

33% of right-side-affected participants. Furthermore, comparison of position matching

and visually guided reaching data revealed that deficits in position sense are unrelated

to deficits in motor performance [36]. This study also found that stroke patients with

impaired position sense and intact motor abilities can still have difficulty performing

activities of daily living.
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Kinesthetic Matching Task

The Kinesthetic Matching Task is similar to the Position Matching task, except that

it measures the sense of motion and not position sense. In this task participants are

instructed to mirror match the movement of the passive arm [130].

There are 3 possible reaching locations in the workspace. Each trial, the robot

moves the passive arm from its current position to one of the two other positions at a

preset speed profile. Participants are instructed to move the active arm to match the

movement of the passive arm. They are instructed to start the movement as soon as

they feel the passive arm move, and are given 10 seconds to complete the movement.

Each participant performed 6 movements in each of 6 movement directions resulting

in total of 36 movements per task. Control participants performed the task for both

arms and stroke participants performed one session using their most affected arm as

the passive arm.

The spatial and temporal performance was characterized using four features: 1)

response latency describes the time passed between the start of the movement of the

passive arm and the active arm; 2) peak speed ratio is the ratio between maximum

speed of the active and passive arm; 3) initial direction error specifies the absolute

angular deviation in terms of direction of the active arm from the passive arm; 4)

path length ratio describes the ability to match the distance of the passive arm [130].

Results of that research showed that 75% of left-side-affected and 49% of right-side-

affected stroke participants were identified with impaired kinesthetic matching on

more than 3 features.

In summary, the Visually Guided Reaching task was designed to evaluate motor

performance. The Position Matching task tested proprioception and the Kinesthetic



2.4. COMPUTATIONAL TECHNIQUES 33

Matching task assessed the sense of body motion (kinesthesia). In all three tasks,

each arm was tested separately. In contrast, this thesis focuses on the analysis of a

bimanual Object Hit task. The task requires bilateral use of hands and can potentially

identify impairments in both hands from one test run.

2.4 Computational Techniques

2.4.1 Feature Selection

Feature selection is a technique for reducing the feature space. It is often used in ma-

chine learning and data mining fields to reduce a given large set of features to a more

manageable set [4]. The objective is to preserve the meaningful information captured

by the features while minimizing the number of features. In classification problems,

feature selection is performed to select a subset of features that best represent the

classes and have highest discriminative powers. In stroke assessment, it is important

to select features that not only identify the neurological deficits but are also clinically

relevant and meaningful to the clinicians. In addition, these features must also be

valid and reliable.

A smaller and more manageable set of features can be evaluated and interpreted

by a domain expert. Many pattern recognition techniques are sensitive to irrele-

vant features and high-dimensional data sets [35]; therefore, feature selection can also

improve performance of the data analysis and classification.

There are various methods for feature selection (see [55, 117, 86] for an overview).

The most commonly used filter methods that do not alter or compress the features

include correlation-based techniques [117, 6, 166]. These methods are used to detect
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irrelevant and redundant features and are usually fast, simple and statistically reli-

able [55]. They are applied prior to the classification or other data analysis process,

and do not depend on any classifier or learning techniques. The relevance of features

is assessed by computing a correlation coefficient between features and then ordering

the features according to a derived score. The features with the highest scores are

selected for classification or further analysis.

Pearson Correlation

In statistics the dependency of two random variables X and Y is measured through

correlation. The Pearson Product Moment Correlation (often referred to as Pearson

correlation) measures the linear relationship between two variables as in equation 2.1.

Pearson correlations range between -1 and +1, where +1 indicates a perfect increasing

(positive) linear relationship and -1 indicates a perfect decreasing (negative) linear

relationship (anticorrelation). The closer the coefficient is to 0, the weaker the corre-

lation (linear relationship) between the variables.

r(X,Y ) =
Cov(X, Y )√

Cov(X,X)Cov(Y, Y )
=

n∑
i=1

((xi − x̄)(yi − ȳ))

n∑
i=1

(xi − x̄)2
n∑

i=1

(yi − ȳ)2
(2.1)

where x ∈ X, y ∈ Y , and x̄ and ȳ are the sample means of X and Y, respectively.

Mutual Information

Mutual information provides a more general measure of dependencies between two

random variables X and Y [28]. A low Pearson correlation does not imply that there
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is no dependency among variables, it only indicates that there is no linear relationship.

Whereas, low mutual information between two variables suggests that they have little

dependency, and mutual information of 0 indicates that two variables are statistically

independent. The informational coefficient of correlation [85] for mutual information

MI (X, Y) between random variables X and Y is computed as in equation 2.2. A

coefficient close to +1 indicates that two variables are highly dependent.

IR(MI(X,Y )) =
√

1− exp−2MI(X,Y ) (2.2)

Mutual information calculates how much information the two variables have in

common. More precisely, it “measures how much the distributions of the variables

differ from statistical independence” [35]. For discrete variables X and Y mutual

information MI(X, Y) is computed as follows:

MI(X, Y ) =
∑
y∈Y

∑
x∈X

p(x, y) log(
p(x, y)

p(x)p(y)
), (2.3)

where p(x, y) is the joint probability distribution of X and Y. The p(x) and p(y)

are the marginal probability distributions of X and Y respectively and are computed

from the p(x, y) as follows:

p(x) =
∑

y∈Y p(x, y)

p(y) =
∑

x∈X p(x, y)
(2.4)

For continuous variables X and Y, the mutual information is defined as follows:

I(X, Y ) =

∫
Y

∫
X

f(x, y) log(
f(x, y)

f(x)f(y)
)dxdy, (2.5)
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where f(x, y) is the joint probability density function of X and Y. The f(x) and

f(y) are the marginal probability density functions of X and Y, respectively, and are

computed from the f(x, y) as in equation 2.6.

f(x) =
∫
Y
f(x, y)

f(y) =
∫
X
f(x, y)

(2.6)

2.4.2 Fuzzy Neural Networks

A Fuzzy Neural Network is an artificial neural network that at some level of im-

plementation employs Fuzzy Set Theory. An artificial neural network, or simply a

neural network, is based on biological neural networks and is often represented as

a graph-like structure [91, 116]. In this structure each node performs some compu-

tation and thus simulates a single neuron or a group of neurons (Figure 2.4). The

edges or connections between the nodes represent the axons and chemical synapses of

neurons. The weight (strength) of the connections represents the synaptic strength

and indicates the extent to which the signals traveling through the nodes are ampli-

fied (excitatory synapse, positive weight) or diminished (inhibitory synapse, negative

weight). The output of a node (the firing frequency of a neuron) depends on its net

input and is usually controlled by a threshold function, which can be a step, ramp,

sigmoid, gaussian or other function. The neural network architecture is comprised of

a set of nodes and connections, and depends on the number of layers, type of connec-

tions, information flow, and neural learning algorithm. A commonly used network is

a layered network, where nodes are separated into layers.
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Figure 2.4: Neural networks. a) Biological neurons consisting of a cell body, den-
drites, and an axon. The action potential is transmitted from one neuron
to another through synapses. b) Artificial neural network. Each node sim-
ulates a single or a group of neurons, whereas edges between the nodes
represent the axons and chemical synapses of neurons. The weight of the
edges simulates the synaptic strength and indicates the extent to which
the signals traveling through the nodes are amplified (excitatory synapse,
positive weight) or diminished (inhibitory synapse, negative weight).

Neural learning is achieved by iteratively modifying the weights of the connections

until a certain criteria is met. The learning of a neural network can be characterized as

supervised, reinforced or unsupervised. In this thesis the supervised learning method

was used.

In a supervised learning method, a correct answer is provided and subsequently

used to determine whether the network is performing correctly. The neural network

is trained on a subset of data (training set) by computing the difference (error)

between the output of the network and the provided correct answer. The objective of

a learning algorithm is to minimize the error by modifying the weights of the neural

network. After learning of the network is complete, the rest of the data (testing set)

is used to classify, predict and estimate the neural network performance.

A k-fold cross-validation is a popular technique used to estimate how a neural
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network is generalizable and how it would perform on unseen data (usually k is 5 or

10) [115]. In this technique the data is separated into different training ((k − 1)/k of

data) and testing (1/k of data) sets that are then used to train and test the neural

network, respectively. The process is repeated k times and the final accuracy of the

neural network is computed as the average of the k runs.

Fuzzy Set Theory

Fuzzy set theory was introduced by L. A. Zadeh [169] as an extension of the classical

set theory. It was designed to represent uncertainty and vagueness. In the classical

set theory a variable x either does or does not belong to a set A. In contrast, in

fuzzy logic a variable x is characterized by a membership function µA(x), which

assigns a grade of membership rating between zero and one. The closer the value of

µA(x) approaches unity the higher the grade of membership of x in fuzzy set A. A

membership function can be triangular, trapezoidal, gaussian, bell shaped, sigmoidal

or a hybrid that combines any of these types [18].

For example, let fuzzy set A be a set of oven temperatures characterized by three

membership functions: low, medium, and high (Figure 2.5). In this example the low

and high membership functions are trapezoidal and the medium membership function

is triangular. The low membership function maps input into the low temperature

fuzzy set Alow ⊆ A, the medium membership function maps input into the medium

temperature fuzzy set Amedium ⊆ A, and the high membership function maps input

into the high temperature fuzzy set Ahigh ⊆ A. When a variable x ≤ 100, it has

membership of 1 in the Alow fuzzy set and 0 membership in the other two fuzzy sets

Amedium and Ahigh. When x = 150 it has membership of 1 in the Amedium fuzzy set
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and 0 membership in the other two fuzzy sets. Similarly, x ≥ 200 has membership

of 1 in the Ahigh fuzzy set and 0 membership in the other two sets. In the Figure 2.5

variable x0 has 0.7 membership in the Alow fuzzy set, 0.3 membership in the Amedium

fuzzy set and 0 membership in the Ahigh fuzzy set.

Figure 2.5: Example of three membership functions for three fuzzy sets: low,medium
and high temperature. Variable x0 has 0.7 membership in the Alow fuzzy
set, 0.3 membership in the Amedium fuzzy set and 0 membership in the
Ahigh fuzzy set.

A Fuzzy Inference System (FIS) is a method for mapping an input to an output

using fuzzy set theory. A detailed description of FIS can be found in [18]. Briefly,

there are four main parts in the inference process: 1) fuzzification, 2) constructing

rule base, 3) inference procedure, and 4) defuzzification (see Figure 2.6 A). The FIS

can be incorporated into the neural network architecture with four layers: 1) the

input layer, 2) the membership function layer, 3) the rules layer and 4) the output

layer (Figure 2.6 B).
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Figure 2.6: A) Fuzzy Inference System diagram B) Fuzzy Inference System incorpo-
rated into the neural network architecture.

The membership function layer performs the FIS fuzzification process where it

decomposes the input into fuzzy sets by building membership functions for each input.

The rules layer stores the fuzzy “if-then” rules, where a simple if-then rule has the

form

if x is A then y is B (2.7)

where A and B are the fuzzy sets defined by the membership functions over the input

X and output Y , respectively [18]. The rules layer performs the inference process

(described below) and the resulting values are defuzzified in the output layer. In the

defuzzification process a numeric value is extracted from a fuzzy set as a representative
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value (see [18], pages 16-18 for different defuzzification techniques).

The main difficulty in the FIS construction is the design and tuning of the mem-

bership functions and rules. This process was initially done by experts, however, self-

generating fuzzy neural network methods were quickly developed [45, 70, 160, 165].

In general, these techniques divide the input into equal fuzzy regions and create rules

for each membership function. In the training processes of the neural network, rules

and their corresponding membership functions are added or removed depending on

certain conditions.

The inference process refers to the computation of the fuzzy if-then rules. There

are several inference process methods that vary in the way they obtain the outputs

(see [18] for an overview). In the Tsukamoto inference method [54] the outputs are

represented with a fuzzy set that is defined by a monotonically increasing or decreasing

membership function. The value or the weight wi of the antecedent for the rulei(x is

Ai part of the rule) is computed by AND-ing or OR-ing the outputs of all membership

functions in the antecedent. The wi is then projected through the output membership

function to obtain the consequence for the rulei(yi is Bi part of the rule). The final

output y of the system is computed as the weighted average of each rule’s consequence:

y =

∑
i

wiyi∑
i

wi

(2.8)

For example, let us consider two fuzzy if-then rules:

ℜ1: if x is A1 AND y is B1 then z is C1

ℜ2: if x is A2 OR y is B2 then z is C2,

where Ai, Bi and Ci are fuzzy sets defined by their corresponding membership

functions in X, Y and Z, respectively, for i = 1,2, x ∈ X, y ∈ Y , and z ∈ Z.
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Figure 2.7: Example of the Tsukamoto inference method.

Final output z = w1z1 + w2z2
w1 + w2

Figure 2.7 shows the Tsukamoto inference method for these rules given inputs x0

and y0. In this example, the shape of the membership functions that define fuzzy sets

Ai, Bi and Ci was chosen arbitrary. For the first rule ℜ1, the weight w1 is computed

by AND-ing the outputs of the µA1(x0) and µB1(y0) membership functions. On the

other hand, the weight w2 is computed by OR-ing the outputs of the µA2(x0) and

µB2(y0) membership functions, where the fuzzy logic AND and OR operators can be

defined as follows:

a AND b = a ∧ b = min{a, b}

a OR b = a ∨ b = max{a, b}
(2.9)

The weights w1 and w2 are then projected to the membership function of the
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output fuzzy sets C1 and C2 to obtain the consequences z1 and z2, respectively. Values

z1 and z2 indicate the degree of membership in fuzzy sets C1 and C2, respectively.

The final output of the system is the weighted average:

z =
w1z1 + w2z2
w1 + w2

, (2.10)

where zi are the values and wi are the weights.

The advantage of the Tsukamoto inference method over other techniques is that

it has a very simple defuzzification process [18]. In addition, the monotone output

function ensures that there is only one output value of zi for all inputs, which might

be desirable in some applications.
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Chapter 3

Object Hit Task

Given raw data of participants performing Object Hit task using the KINARM robot,

a framework was developed for analysis and extraction of features that would quantify

sensorimotor impairments of participants with stroke. The framework consisted of

the following steps:

1. Visualization and observation. This is an important step in any data analysis.

The visualization identifies variance in performance between different popula-

tions. Observation of participants performing a task can provide insight into

different types of behaviour exhibited by different population groups.

2. Development of features (measurements) that capture different aspects of ob-

served behaviour and differences in performance identified in the previous step.

3. Feature analysis:

(a) Statistical analysis to identify any influence of age and/or sex. This analy-

sis should be performed on the control population to identify whether any

of the developed features are affected by age or sex. This is a necessary
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step to ensure that when a new patient’s performance is evaluated, his/her

measures are compared to the correct population.

(b) Reliability and validity analyses to ensure that the developed measures are

reliable and valid and, therefore, are applicable in clinical practice.

(c) For each feature, identify its predictive power (e.g.: the power of a feature

to identify stroke participants as different than the control population).

For each feature (or measure) it is necessary to know how it is effective in

identifying performance that is different the control population.

4. Feature reduction, if necessary. Feature ranking can be used to reduce the initial

set of features to a small and manageable set of valid and reliable features with

high predictive power.

This Chapter presents methods and results where the above framework was applied

to the Object Hit task.

3.1 Methods

This section describes methods used to analyze the data of the Object Hit task and

to extract features for assessing stroke-related impairments. The section is organized

as follows: first, the data collection and the Object Hit task are described, followed

by a description of the task. Then, a brief overview is given of various preliminary

features that were developed for the task. Finally, methods are presented to assess

and reduce the preliminary features, followed by a full description of the selected

features. Data analysis was performed predominantly using MATLAB (Mathwork,

Inc., Massachusetts, USA).
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Participants

Participants with clinical presentation of stroke were recruited from the stroke re-

habilitation service at Providence Care, Saint Mary’s of the Lake Hospital site in

Kingston, Ontario, and from the stroke units at Foothills Medical Centre and the

Dr. Vernon Fanning Care Centre in Calgary, Alberta. In our research group, partic-

ipants with stroke were broadly categorized into right-affected (RA) or left-affected

(LA) based on the most affected side of the body. Non-disabled control participants

were recruited from the communities of Kingston, Ontario and Calgary, Alberta. All

participant data are described in more details in Sections 3.2.1 and 3.2.2.

All participants had 1) no significant neurological impairment (other than stroke

for the stroke group), 2) were medically stable, 3) had normal or corrected to normal

visual acuity, 4) had no ongoing musculoskeletal injuries of the upper limb, 5) were

able to understand the instructions of the task, and 6) were right hand dominant or

with mixed handedness with positive Modified Edinburgh Handedness Inventory score

(prior to the stroke, for stroke participants). The testing procedures were approved by

the Research Ethics Boards of Queen’s University, Providence Care, the University

of Calgary and the Dr. Vernon Fanning Care Centre. All participants signed an

informed consent form before any data collection was performed.

Clinical Assessment

The Modified Edinburgh Handedness Inventory (MEHI) score [103] was used to iden-

tify handedness (please see AppendixA for test description). For participants with

missing handedness inventory scores (3 control participants, 2 stroke participants),
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the self-reported hand dominance was used instead. Participants with mixed handed-

ness (10 control participants, 11 stroke participants) were categorized as left-handed

if their handedness inventory score was below zero and right-handed otherwise.

Participants with stroke completed a number of standardized clinical assessments

performed by a trained study physician or physiotherapist usually on the same day as

the robotic assessment. Visuospatial skills were assessed with the Behavioural Inat-

tention Test (BIT) [61], and upper limb impairment was assessed with the Chedoke-

McMaster Stroke Assessment Scale - Impairment Inventory for hand and arm (CM-

SAh and CMSAa) [5]. In addition, visual acuity, Perdue Pegboard, Modified Ash-

worth Score (MAS) [11] and reflex and range of motion scores were collected. The

MAS scores were transformed from 0, 1, 1+, 2, 3, 4 range to 0, 1, 2, 3, 4, 5 for numerical

analysis and to enable reporting of the median. For cognitive assessment, most partici-

pants with stroke were screened with the Montreal Cognitive Assessment (MoCA) [97].

Lastly, participants with stroke completed the Functional Independence Measure

(FIM) [73] that included the intake, discharge and if needed repeated assessment

at the day of the robotic session or very close to it. Please see Appendix A for more

detailed description of these tests.

3.1.1 Object Hit Task Description

The Object Hit (OH) task is a bimanual rapid visuo-motor task that was designed for

the KINARM robot. Participants were seated in the KINARM robot as previously

described (see 2). For the object hit task, they were instructed to use both hands,

represented as 5 cm wide green paddles, to hit 2 cm diameter virtual red balls that

moved towards them on a black background (see Figure 3.1). The objective of the
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task is to hit away as many balls as possible.

The participants are instructed to hit the balls away from the body. A valid hit

occurs when a participant hits the ball with a paddle and the ball leaves the display

area either at the top or on the sides. When a participant hits a ball (in any direction),

there is a force feedback generated by the KINARM to simulate the contact force felt

when a physical object is hit (similar to hitting a tennis ball with a racket). There is

no visible indication whether a hit was successful other than a change in speed and

direction of the ball movement after the hit. If the ball is hit softly then it simply

fades away after 4.5 seconds.

The balls appear at random from 10 different bins (located 8 cm apart, but the

bins themselves are not displayed), with a total of 30 balls released from each bin.

All 10 bins release a ball in random order before a bin is reused (order is not fixed

across participants). The number of balls that appear on the screen at a given mo-

ment and their speed increase throughout the task such that one single, slow-moving

( 10 cm/sec) ball is visible on the screen at the beginning of the task and a maximum

of 16 fast-moving ( 50 cm/sec) balls are present towards the end of the task. Objects

begin to drop at a rate of 0.5 + 0.025 × Time (in units of seconds) and drop speed

is randomly selected between 50 to 100% of maximum drop speed, where maximum

drop speed is 15 + 3 × Time (in units of cm/sec). A total of 300 balls are presented in

just over 2 minutes. Positions of the hands and balls and other information necessary

to reconstruct the task are recorded with a sampling frequency of 200Hz.

The task was designed to engage several brain processes at the same time. It

requires motor execution and coordination, vision, somatosensory, motor planning

(premotor cortex), and cognition. The task, especially at the end where many objects
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Figure 3.1: Object Hit Task. During the task the 2 cm diameter virtual red balls
appear one by one on the screen and move towards the participant. The
objective of the task is to hit away as many balls as possible with 5 cm
wide green paddles that represent the participant’s hands.

appear at high speed, is designed to “overwhelm” the participant. The theory is that

several brain regions participate in a given sensory, motor or cognitive process and

each region participates in many different processes [7, 109]. When only few processes

are tested at a time (for example, during reaching task), the human brain is more

capable to compensate for impairments by employing other brain regions. However,

when many processes are employed for a given behaviour, these hidden impairments

become apparent.

3.1.2 Object Hit Task Preliminary Features

In the initial stages of Object Hit data analysis, observations were obtained from

viewing graphs for speed, kinematics and misses in time and from the performance

grids (Figure 3.2). The performance plot shows in red slots where balls were hit with

the right hand, in blue slots were balls were hit with the left hand and white are the
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slots where balls were missed. The first row corresponds to the beginning of the task,

where balls were slow and the last row represents the last 10 balls of the task. During

the task, the balls are released at random from 10 slots at a time. The same slot is

used again only when balls were dropped from all 10 slots, which corresponds to the

new row in the performance grid.

The inspiration and ideas for other features came from replaying the tasks using

the Graphical User Interface (GUI) described in Section 3.1.6 and from my own direct

observations of participants performing the task.

Figure 3.2: Performance grid, showing in red slots where balls were hit with the right
hand, in blue slots were balls were hit with the left hand and white are the
slots where balls were missed. The first row corresponds to the beginning
of the task, where balls were slow and the last row represents the last
10 balls of the task. During the task, the balls are released at random
from 10 slots at a time. The same slot is used again only when balls
were dropped from all 10 slots, which corresponds to the new row in the
performance grid. a) Control participant, b) Right-side-affected stroke
participant.

Based on the visualization methods and observations, more than 400 preliminary

features were developed to extract various information collected with the Object Hit

task. The developed features can be divided into several categories based on overall
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task success, spatial and temporal aspects of behaviour, and the capabilities of each

arm. For features in the form of time series (measurements collected over time, e.g.

speed throughout the task), summary statistics were collected that included: mean;

median; standard deviation (std); trimmed mean (trimmean, mean of a sample X

excluding the highest and lowest 2.5% of the observations); mean absolute deviation

of the values in X (madMean, mean(|X−mean(X)| ); median absolute deviation

of the values in X (madMedian, median (|X−median(X)|) ); maximum absolute

deviation of the values in X (madMax, max(|X−max(X)|) ); skewness (describes the

symmetry of the distribution of X around the mean); kurtosis (describes the shape

of the distribution of X around the mean); minimum and maximum values.

Below is a brief description of the preliminary features, for more detailed report

please see AppendixB.

A Global Performance

Global performance is reflected in the total number of successful hits (1 feature).

B Spatial Performance

Spatial performance signifies the work load of each arm and hand preference in

terms of hits and misses in the workspace. This category consists of 6 features

that capture the hand transition, misses and overall hand movements in space.

For example, hand transition feature measures the line in space defining the

transition point in the workspace for using one hand versus the other.

C Temporal Changes in Performance

Temporal performance quantifies change of performance in time. This group

includes 31 features, 6 of which are time series (total of 91 features). These

features measure participants’ ability to cope with the increasing difficulty of
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the task and include features such as median error that identifies the point in

the task where the participant missed half of the balls as a percentage of the

total number of missed balls. A high median error indicates that the participant

performed relatively well when the task was easy and failed predominantly at

the end of the task when the task difficulty was greatest. A median error close to

50% means that the participant missed proportionally almost the same number

of balls at the beginning of the task when there are few balls present and the

task is relatively easy, as at the end of the task when many fast moving balls

are present [149].

D Global Motor Performance

a Hand Metrics

This group of features focuses on the motor performance of dominant and

non-dominant hand. It consists of 12 features for each hand and 3 time

series features for each hand (total of 90 features). This group includes

features such as hand speed and the distance traveled by each hand between

hits.

b Bimanual

Bimanual motor performance group measure the symmetry of hand use

during the task. These comparative features take advantage of the fact that

healthy performance is usually relatively symmetric, whereas a hallmark of

participants with stroke is asymmetric behaviour [149]. For example, the

mean speed bias feature close to 0 indicates similar average speed of the

right and left hand, whereas a negative speed bias signifies that the left

hand on average was moving faster than the right hand during the task.
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This group consists of 11 bias features that are calculated as in equation

3.1, where R is the feature of the right hand (e.g. mean right hand speed)

and L is the feature of the left hand (e.g. mean left hand speed).

bias =
R− L

R + L
(3.1)

c Hand Coordination

These group features quantify the coordination and effective use of both

arms. These features describe how both limbs were used through the task

and their interaction. How often hands overlapped in the workspace and

how often and how fast participants switched hands to hit the balls. This

group contains 17 features, 4 of which are time series (total of 57 features).

d Joint Kinematics

The Kinematic group consists of 21 features computed for each hand, 6 of

which are time series (total of 162 features). These features are extracted

from the angle, velocity and acceleration of elbow and shoulder joints that

were collected by the KINARM through the task. Based on observations,

a noticeable difference in performance between control and stroke par-

ticipants occurred after the first 30 seconds of the task. Therefore, the

summary statistics for the shoulder/elbow angle, velocity and acceleration

were computed starting at the 6000-th time frame. It was also observed

that control participants had an increase in amplitude of acceleration and

velocity as the task difficulty increased, which was not present for many

stroke participants.
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Figure 3.3: Shoulder and Elbow Joint Synchronization. Shoulder (red) and elbow
(magenta) velocity of the right arm (top) and shoulder (blue) and elbow
(cyan) acceleration of the left arm (bottom) for the control (left panel)
and right-side-affected stroke participant (right panel). To enhance visu-
alization, the signals were average-filtered using a 200 time-frame window
(1 second).

The joint kinematics group also included features that measure shoulder

and elbow joint coordination. Figure 3.3 shows the velocity and acceler-

ation of the shoulder and elbow for control and right-side affected stroke

participants. To enhance visualization, the signals were average-filtered

using a 200 time-frame window (1 second). There is a noticeable asymme-

try between the shoulder and elbow velocity and acceleration. This reflects

the coordination between the shoulder and elbow joints while performing

reaching movements to hit the balls.

In healthy individuals, to achieve accurate reaching movement, the arm

muscles are coupled in orderly fashion in an almost limitless number of
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different combinations. However, in many stroke patients the muscle com-

binations are highly stereotyped (muscle synergies), which results in prim-

itive and the same type of movement [121, 144].

The joint coordination was measured by computing the similarity of the

shoulder and elbow signals (angle, velocity and acceleration) using three

different methods: cross-correlation, mutual information (MI), and Dy-

namic Time Warping (DTW) algorithm [95]. Prior to computing the sim-

ilarity, shoulder and elbow signals were normalized to zero-mean and unit

variance. Since the observed similarity in the signals is asymmetric, the

elbow time series were amplitude-scaled by -1, which effectively made the

similarity between shoulder and elbow signals symmetric.

The MI was previously used to successfully quantify joint coordination [31].

Here, the mutual information was computed between the shoulder and

scaled (flipped) elbow angle, velocity and acceleration signals. To com-

pensate for the fact that there might be a slight delay in the movement of

the shoulder and elbow, a maximum MI was chosen in the 20 time-frame

window (100ms).

The DTW algorithm dynamically searches for the optimal path with mini-

mum distance between two time series. It has been used to find similarities

between two speech patterns [118, 16] and music streams [95]. Here, the

DTW was computed using a 20 time frame window, this way the warping

search to find the closest points was limited by 20 time frames.
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3.1.3 Feature Analysis

Control Participants Selection

The control participants were selected to equally represent each age group decade

between ages 20 and 89 inclusively with relatively equal representation of Male and

Female participants in each group. Outlier detection was performed on all preliminary

features to identify any participants that were substantially different from the rest

of the group. A participant that was marked as an outlier on more than 5% of all

features was removed from the study (3 out of 310 participants).

The criterion for outlier detection was based on median absolute deviation(MAD)

from the median [81, 8] for normally distributed (or transformed to normal distri-

bution) features and inter-quantile range (IQR) [145, 63] for features that could not

be transformed to normal distributions using Tukey’s ladder of transformations tech-

nique [146]. In this technique, the data is raised to the power of λ ∈ [−2, 2] until the

desired condition is met.

The MAD and IQR are easy and fast to compute and are robust and effective

techniques for outlier detection [113]. The MAD(X) is the median absolute deviation

of the values in the data,MAD(X) = median(|X−median(X)|). It was implemented

for the outlier detection using formula 3.2 with a very conservative Threshold = 3.

A value x was set as an outlier if the computed value ( 3.2, left hand side) was greater

than the threshold.

The IQR technique for outlier detection was computed using formula 3.3, where

Q1 is the first quartile and Q3 is the third quartile of the data in X. A value x was

set as an outlier if it was less then the Lower Limit or greater than the Upper Limit.



3.1. METHODS 57

|σx−median(X)
MAD(X)

| > Threshold

σ = 1.4785 for normally distributed X

(3.2)

Upper Limit = Q3(X) + α(Q3(X)−Q1(X))

Lower Limit = Q1(X)− α(Q3(X)−Q1(X))

α = 2.4 based on the recommendation in [63]

(3.3)

Age and Gender Analysis

The methods for identifying effects of sex and age were collaboratively developed in

our research group. Effects of age were examined in our cohort of control participants

using univariate, simple, linear regression [21]. In the analysis each feature (response

variable) was studied in relation to age (predictor variable). The regression coefficients

β0 and β1 were estimated using non-least-squares linear method (robustfit, MATLAB

function). The regression assumptions (linearity of the data, residuals are normally

and independently distributed with zero mean and constant variance) were verified

and if violation was identified, the data was transformed using the Tukey’s ladder of

transformations technique [146]. The regression was recalculated until all assumptions

were satisfied. For features where assumptions could not be satisfied (65 features), it

was concluded that there was no age effect.

To detect if there is a relationship between features and sex (males versus females),

the two-sample Kolmogorov-Smirnov test (p<0.01) was performed. If differences

were found, data were grouped by sex and the above regression analysis was again

performed.
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Test of Validity and Reliability

One of the goals of the thesis was to develop valid and reliable measures that would

detect abnormalities in performance among stroke participants. To achieve this goal

validation and reliability testing were performed.

Validity

The concurrent validity of the features was assessed by performing correlation analysis

where values of each feature among stroke participants were correlated to FIM, BIT,

MoCA, Modified Ashworth, Chedoke-McMaster arm and hand (CMSAa and CMSAh)

Assessment and Purdue Pegboard scores. Features that were calculated separately for

each arm were correlated to the corresponding arm scores of the Modified Ashworth,

CMSAa, CMSAh, and Purdue Pegboard test. All other features were correlated to

the affected arm scores for these tests.

Inter-rater Reliability

The inter-rater reliability was examined by retesting a subgroup of control and stroke

participants. During each retest a different operator performed the KINARM setup.

Participants were retested within 2 days of the original assessment and often on the

same day. To assess the inter-rater reliability, correlation was computed between the

two sets of tests for all features.

Impaired Performance Analysis

To evaluate the power of a feature to identify impaired performance among stroke

participants, the Impaired Performance analysis was developed in our research group.

In this analysis the stroke participants’ performance was compared to the control

percentile values as follows. First, the percentiles (2.5, 5, 95, 97.5) were obtained to
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establish normative statistics for each feature from the control data. For the features

with significant linear regression fit (age effect), the residuals were used to calculate

the percentiles. Second, a cut-off range was established for the upper and/or lower

bound for each feature. Upper-bound-only features were tested relative to > 95% of

the control group, the lower-bound-only features had the < 5% cut-off, and upper-

lower-bound features were compared to the < 2.5% and the > 97.5% of the control

group.

Next, for each stroke participant comparison values ŷ1, ŷ2, . . . ŷn (where n is the

number of features) were computed as in equation 3.4. The percentile(yi) was calcu-

lated based on the established upper and/or lower bound for each feature. If a feature

yi had a gender effect, the percentile(yi) was computed only for the same sex group

as the participant. For features with significant regression slope (age effect) that were

transformed to satisfy the regression assumptions using a transform function f , the

inverse function f−1 was applied to the value ŷi.

(1)ŷi = percentile(yi), yi has no age effect

(2)ŷi = age ∗ slope+ intercept+ percentile(yi), yi has age effect

(3)ŷi = f−1(age ∗ slope+ intercept+ percentile(yi)), yi has age effect and

was transformed using function f for regression.

(3.4)

Consequently, each feature yi was compared to the value ŷi based on the pre-

established cut-off range. If the value of yi was outside the upper and/or lower

bound, the participant’s performance was marked as impaired for this feature. For

example, let the cut-off range for a feature yi be 5%. Then, assuming yi has no age

or gender effect, ŷi = percentile 5(yi). If, for a given participant, yi < ŷi then the
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participant has impaired performance for the feature yi.

Finally, to evaluate the predictive power or “strength” of each feature to identify

impairments, the percentage of stroke participants that were identified as different

than the control group was computed for each feature with the assumption that all

participants with stroke have an impairment.

3.1.4 Feature Selection Algorithm

During the second step of the framework for data analysis, more than 400 features

were developed. When the number of features was small, the feature ranking was

performed based on the Impaired Performance analysis and the feature independency

(how each feature is different from other features). The feature independency was

measured by calculating the feature-to-feature correlations. As the number of features

grew, this approach was no longer feasible and a feature selection Algorithm3.1 was

developed to sort all features in each category based on four criteria: (1) the individual

predictive power (or “strength”) of each feature (ability to identify stroke participants

as different than the control group); (2) feature independency; (3) reliability; and

(4) concurrent validity. The idea for the algorithm was inspired by the greedy feature

selection algorithm presented in [6].

The feature selection algorithm was applied to reduce the number of preliminary

features in each category (global performance, spatial performance, temporal changes

in performance, hand motor, bimanual performance, hand coordination, and joint

kinematics) to a more manageable set. Initially, the participant data was labeled

as control, right-affected (RA) or left-affected (LA) (Algorithm3.1, class label, line

4). The predictive power of each feature was assessed through computing the mutual
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information between each feature and the class label (feature-class MI, line 6) and

through the Impaired Performance analysis described in Section 3.1.3 (Qclass, line

7). The independence of features was computed by mutual information between all

features (intra-feature MI, line 5). In addition, the uniqueness score was used to assess

the independence. The score selects features that identify the most number of stroke

participants as impaired that other features did not detect. The concurrent validity

was assessed through maximum correlation to the clinical scores(line 8). Finally, the

reliability was assessed via inter-rater reliability (line 9).

The feature selection process starts by finding a feature with maximum predictive

power (maximum feature-class MI and Qclass, line 14). This feature is added to the

empty result set R (line 15) and is removed from the set of all features F (line 16).

At each iteration of the greedy feature selection loop (lines 19-32) a feature f ∈ F

is selected that has a maximum sum of: (1) predictive power (feature-class MI and

Qclass, line 25); (2) maximum correlation to clinical scores (line 26); (3) inter-rater

correlation (line 27); (4) negative sum of intra-feature MI to already selected features

in set S (line 28); (5) “uniqueness score”(line 28). The score is computed by counting

the number of additional stroke participants that were identified as impaired using

the Abnormal Performance Analysis when a new feature f ∈ F was tentatively added

to the currently selected set of features. The same count was done for the control

participants group. The final “uniqueness score” was computed by subtracting the

normalized control count from the normalized stroke count (line 22). At the end of

the loop the selected feature f is added to the result set R (line 30) and is removed

from the set of all features F (line 31).

The α, β, γ, δ and λ parameters have values between 0 and 1. They regulate the
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importance of feature-class MI (α), Qclass (β), correlation to clinical scores (γ), to

inter-rater correlation (δ) and to the intra-feature MI (λ). The higher the value of a

parameter, the more weight its corresponding evaluator has towards the total sum,

and therefore, has more influence on the ranking process. In this feature selection

process, all parameters were set to 1 and all evaluators had equal importance.

For inter-rater and clinical score correlations, only values with significant correla-

tion (p < 0.05) were considered. For features from Hand Motor and Joint Kinematics

category that have values for dominant and non-dominant hand, the feature f ∈ F

was selected with the maximum combined sum for the dominant and non-dominant

hand features.

Previous studies identified a number of hemispheric specifications associated with

visuomotor performance and functional asymmetries of the brain [43, 56, 125, 123,

124, 131]. Therefore, it is likely that different features can detect different impairments

among left affected and right affected stroke participants. A feature can successfully

identify impairments among right affected but not left affected participants and vice

versa. Therefore, the feature selection algorithm was run separately for right affected

and left-affected groups.

3.1.5 Selected Features

This section gives a detailed description of the selected features (the features are also

listed in the Nomenclature for future reference). The developed greedy algorithm3.1

ensures that features with low concurrent validity, reliability and discriminatory power

would have low rankings and therefore be removed from further analysis. The final

selection of the features in each category was done using domain knowledge from
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Algorithm 3.1 Algorithm for feature selection

1: ◃ Step 1: initialization
2: F = set of all features
3: R = empty set
4: C = class label for all participants (0-control, 1-RA, 2-LA)
5: MIF = MI(F , F ) ◃ compute MI between each feature (matrix)
6: MIC = MI(F , C) ◃ compute MI between each feature and class label
7: Qclass = Impaired Performance analysis values for each feature
8: ClinicalCorr = maximum correlation between each feature and all clinical scores
9: IRR = inter-rater reliability values for each feature
10: α, β, γ, δ, λ=weights forMIC , Qclass, ClinicalCorr, IRR andMIF , respectively
11:

12: ◃ Step 2: initial values
13: ◃ find feature f ∈ F that has maximum predictive power
14: f = max(MIC(f) + Qclass(f))
15: R = R + {f} ◃ add feature f to set R
16: F = F − {f} ◃ remove feature f from set F
17:

18: ◃ Step 3: greedy section
19: while set F is not empty do
20: ◃ compute uniqueness score for all features f ∈ F
21: ◃ against already selected features in set R
22: UScore = ComputeUniqenessScore(F, R);
23: ◃ find feature f ∈ F that has highest predictive power, reliability and validity
24: ◃ and highest uniqueness and independency with already selected features

25: f = max
(
α(MIC(f)) + β(Qclass(f)) + . . .

26: γi (ClinicalCorr(f)) + . . .
27: δ(IRR(f)) − . . .
28: λ(

∑
r∈R MIF (f, r)) + . . .

29: λ(UScore)
)

30: R = R + {f} ◃ add feature f to set R
31: F = F − {f} ◃ remove feature f from set F
32: end while
33:

34: return R ◃ return ranked set of features
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the top 10% (minimum of one) features in the right affected and the left-affected

group. Features with lower ranking that were designed to capture the same aspect

of behaviour as a feature with higher ranking, were discarded. The overall ranking

among all features was taken in consideration as well. If a feature for one arm was

selected (eg. mean speed of dominant hand), then the feature for the other arm was

also added to the list. The results were compared to TreeNet (Salford Predictive

Modeler, Salford Systems, San Diego, CA, USA) software variable importance list

and showed comparatively similar results in most of the categories.

To assist in the description of the features, Table 3.1 shows example data extracted

from a control participant (see performance plot in Figure 3.2 A).

Table 3.1: Example of data extracted from the Object Hit task

Right Hand Left Hand
bins (x) w xw w xw

1 0 0 13 13
2 0 0 19 38
3 0 0 25 75
4 3 12 24 96
5 5 25 22 110
6 25 150 5 30
7 25 175 4 28
8 26 208 0 0
9 22 198 0 0
10 16 160 0 0
Sum 122 928 112 390

A Global Performance

Hit Percentage: The Hit Percentage feature captures the overall performance

of a participant. A successful hit occurs when the ball is hit and leaves the
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display area at the top or sides of the workspace (ball fades away after 4.5

seconds, it moves slowly following the hit). When a ball is hit multiple times,

the first hit indicated which hand was used and the last hit indicated if it was

successful. Hit percentage is computed as a percentage of successful hits relative

to the total number of balls (Equation 3.5)

Hit Percentage =
number of successful hits× 100

300
(3.5)

B Spatial Performance

Hand Transition: corresponds to the line in the workspace where the partici-

pant’s preference switches from one hand to the other. The successful ball hits

made with right and left hand in each bin can be represented as a distribution

(FreqRH and FreqLH for the right and left hand respectively). The Hand

Transition is computed as in Algorithm 3.2 where the cumulative difference

between distribution FreqRH and FreqLH forms a distribution Diff (lines

2-7). This distribution is then transformed to positive values by subtracting

its minimum value (lines 10-11). Next, a cubic spline curve is fitted into the

distribution at 0.1 interval (line 14). Finally, the Hand Transition is the index

of the highest peak of the fitted curve (line 18). In the case when there are

several highest peaks of equal value, the average index is selected.

Using the data in the exemplar control participant (Table 3.1) the right and left

hand frequency in bins 1-10 is: FreqRH = [ 0, 0, 0, 3, 5, 25, 25, 26, 22, 16 ] and

FreqLH = [13, 19, 25, 24, 22, 5, 4, 0, 0, 0 ] and the Diff = [13, 32, 57, 78, 95,
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Figure 3.4: Cumulative difference between distribution of right hand and left hand
over 10 bins. The cubic spline curve is shown as a red dashed line. The
Hand Transition is marked with a green dash-dot line.

Figure 3.5: Hits distribution for the exemplar participant of right (red) and left (blue)
hands. Hand transition is shown with the green line.

75, 54, 28, 6, -10]. Finally, the transformed cumulative difference distribution

Difft = [24, 43, 68, 89, 106, 86, 65, 39, 17, 1 ]. The index of the highest peak

of a curve that fit this distribution is equal to 5, therefore, the Hand Transition

for the exemplar data is equal to 5.

Figure 3.4 shows the distribution, the fitted curve (red dashed line) and the
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index of the maximum peak (green dashed line). The resulting value for the

Hand Transition was transformed to -40 to +40 range to correspond to the

horizontal dimension of the screen in units of centimeters. Figure 3.5 shows the

hand distributions for each hand and the Hand Transition feature is indicated

as a green dashed line.

Algorithm 3.2 Algorithm for Hand Transition

1: ◃ Step 1: initialization
2: Diff(1) = FreqLH(1) - FreqRH(1)
3:

4: ◃ Step 2: for bins 2-10 compute cumulative difference
5: for i = 2 to 10 do
6: Diff(i) = FreqLH(i) - FreqRH(i) + Diff(i− 1)
7: end for
8:

9: ◃ Step 3: transform the distribution
10: MinV al = minimum(Diff) ◃ find minimum value in Diff
11: Difft =Diff -MinV al + 1 ◃ subtract the minimum value from each element

in Diff
12:

13: ◃ Step 4: fit a curve into the distribution Difft
14: Curve = interp1(x, Difft, 1 : 0.1 : 10, ’spline’) ◃ using the interp1 MATLAB

function
15:

16: ◃ Step 5: compute the Hand Transition
17: ◃ HandTransition is the index of the highest peak of the fitted Curve. If there

are several highest peaks of equal value, then the average index is computed.
18: HandTransition = index of the highest peak of the fitted Curve
19:

20: return HandTransition ◃ return Hand Transition

C Temporal Changes in Performance

Hits per Second: measures the frequency of successful hits. Trimmed mean

of Hits per Second is the mean of the data series excluding the highest and

lowest 2.5% of the observations. Hits per second data series are computed by
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summing number of hits made by either hand every five seconds of the task

and then normalized by 5. Figure 3.6 shows the Hits per Second curve for the

exemplar participant, where the trimmed mean is marked as a red line.

Figure 3.6: Hits per second curve for the exemplar participant. The trimmed mean
is shown as a red line.

Area Under Curve M1 (AUC M1): measures participant’s response when

the task becomes slightly difficult. First the misses-in-time curve is computed

by cumulating misses in time through the task. Then the AUC M1 is the

area under the curve for the interval of about 50 - 75 seconds (10000 − 15000

time frame interval) of the task. Figure 3.7 shows the curve for the exemplar

participant and the AUC M1 is colored in blue.

In the preliminary set of features, the AUC was computed at different time

intervals (see AppendixB). The feature selection algorithm gave AUC M1 the

highest ranking and, therefore, this feature was added to the set of selected

features.

Median Error: measures the ability to cope with increasing difficulty of the
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Figure 3.7: Misses-in-time curve for the exemplar participant. The area under the
curve for the time interval of about 50 - 75 seconds (10000 − 15000 time
frame interval) is filled in blue. The median error is marked as a black
star.

task. It is computed by finding the point in the task where the participant

missed half of the balls that they missed in total (Figure 3.7). The final score is

calculated as a percentage of the total number of balls. “Higher scores reflect

that the participant performed relatively well when the task was easy and failed

predominantly at the end of the task when the task difficulty was greatest” [149].

D Global Motor Performance

a Hand Metrics

Hand Speed: the median of the hand speed during the OH task. The

hand speeds computed by the KINARM were filtered using a sixth-order

double-pass Butterworth filter with cutoff frequency of 10 Hz. The feature

is computed for each hand separately.

Hand Distance: this feature measures the distance a hand travels to hit
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successive balls. A low value indicates that consecutive hits are made very

close to each other. It is the trimmed mean of the hand distance between

two consecutive successful hits made by the same hand. The feature is

computed for each hand separately.

Time Difference: measures the frequency of hits made with the same

hand. It is the median of the difference between the time two consecutive

successful hits were made by the same hand. The feature is computed for

each hand separately.

b Bimanual

Hand Bias Speed: quantifies differences in hand speed. It is the normal-

ized difference between mean hand speeds of the left (LH) and right (RH)

hands (equation 3.6).

Hand Bias Speed =
RH Speed− LH Speed

RH Speed + LH Speed
(3.6)

Hand Bias Hits: this feature identifies the relative hand use. It is the

normalized difference between the total number of hits with right (RH)

and left (LH) hands (equation 3.7). Based on Table 3.1 the Hand Bias

Hits = (122−112)/(122+112) = 0.04 (Figure 3.5).

Hand Bias Hits =

10∑
i=1

RHi −
10∑
i=1

LHi

10∑
i=1

RHi +
10∑
i=1

LHi

(3.7)

c Hand Coordination
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Number of Hand Switches: measures the ability to switch from one

hand to another to hit the balls. It is the number of successful hits made

with one hand followed by a successful hit made with another hand.

Time Difference Weighted: measures the timing of the hand switching.

It is the standard deviation of the difference between time when a hit was

made with one hand and the time when a hit was made with the other

hand. The values are weighted by the bin in which the hit was made.

Bins that are closer to the center are easier to hit and therefore have more

weight. A low weighted Time Difference indicates that the hand switching

occurred frequently and involved bins that are further from the center (not

only the bins in the center). A low standard deviation indicates that these

type of hand switches were done often and consistently throughout the

task.

d Joint Kinematics

Shoulder Acceleration Increase: reflects the shoulder kinematics. It

is the increase in the amplitude of acceleration throughout the task. It

is computed by calculating the median absolute deviation of the shoulder

acceleration at a 5 second intervals and then computing the angle of a line

that fits into the resulting data. The feature is computed for each shoulder

separately.

Elbow Acceleration: reflects the elbow kinematics and is computed as

the median absolute deviation (MAD) from the median of the elbow accel-

eration. The MAD is a measure of variability and dispersion in the data
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and it is higher for control participants (mean of 0.18) than for stroke par-

ticipants (mean of 0.13). MAD was calculated using the elbow acceleration

signal after the first 30 seconds of the task and it was computed for each

elbow separately.

Acceleration DTW: measures the coordination between shoulder and

elbow joints. This feature measures how synchronously the shoulder and

elbow joint acceleration is changing during the task. It is computed by run-

ning the DTW algorithm to determine the similarity between the shoulder

and elbow joint acceleration represented as a time-series. Prior to comput-

ing the similarity, shoulder and elbow signals were normalized to zero-mean

and unit variance. Since the observed similarity in the signals is asymmet-

ric, the elbow time series were amplitude-scaled by -1, which effectively

made the similarity between shoulder and elbow signals symmetric. The

feature is computed for each body side separately.

3.1.6 Object Hit Task Graphical User Interface

AMATLAB user interface was developed that allows the replay of any given object hit

experiment (Figure 3.8). To replay an experiment for a given participant, a user has to

load the corresponding raw c3d file that was created during the robotic session. The

interface replays the experiment in real time (in theory), as well as at a slower speed

for more detailed analysis. However, the replay speed depends on the computational

capabilities of the graphics card and the CPU of the computer, therefore, on some

machines a real time replay of the experiment may not be achieved. The interface

also replays the experiment from any given time step using a sliding bar. From the
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Figure 3.8: Graphical User Interface that replays the ball drop task for a given par-
ticipant.

top down “Functions” menu, a user can select the performance grid and values for

some of the developed features calculated for the currently viewed experiment.

3.2 Results

This section describes results of the data analysis for the Object Hit task. The

section presents all of the results for the task, including data description, exemplar

participants results and group results.

3.2.1 Control Participants Data

Table 3.2 shows the demographic data from 307 control participants. The age of the

control group ranged from 20-89 years with relatively similar number of participants in
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each decade of even gender distribution. There was no significant difference between

the age distributions of male (n=154) and female (n=153) participants (Wilcoxon rank

sum test, p>0.05). Most of the control participants were right-hand dominant. Ten

participants had mixed handedness with positive Modified Edinburgh Handedness

Inventory score and, therefore, were categorized as right-handed.

Table 3.2: Age and gender distribution of the participants.

Control Participants Stroke Participants
Age Mean Gender Handedness Mean Gender Handedness
Group Age (M/F) (R/L/A) Age (M/F) (R/L/A)
20-29 24.4 25/25 50/0/0 23.8 4/2 6/0/0
30-39 34.3 25/24 48/0/1 34.5 2/4 6/0/0
40-49 44.5 20/29 48/0/1 44.5 17/7 24/0/0
50-59 55.0 22/22 41/0/3 55.8 34/15 45/0/4
60-69 63.8 26/26 49/0/3 65.2 42/15 55/0/2
70-79 74.3 26/19 43/0/2 74.6 19/11 30/0/0
80-89 83.8 10/8 18/0/0 83.7 14/15 28/0/1
Total 51.1 154/153 297/0/10 62.3 132/69 194/0/7

Abbreviations: M/F, male/female; R/L/A, right/left/ambidextrous;

3.2.2 Stroke Participants Data

Table 3.3 shows the demographic and clinical data from 201 stroke participants (122

left- and 79 right-affected). The median was reported for age, days since stroke and

clinical scores because of the non-normal distribution of the data. The majority of

the participants with stroke had ischemic stroke (84%). There were significant differ-

ences between the distributions of the affected and non-affected Chedoke hand scores

(Wilcoxon rank sum test, p<0.01), Chedoke arm scores (p<0.01), Ashworth scores
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(p<0.01) and Purdue board scores(p<0.01). There were no significant differences be-

tween the distributions of the left- and right-affected participants (Wilcoxon rank sum

test) on the FIM (cognitive, p=0.5; motor, p=0.05), and MoCA (p=0.9) score. There

was significant difference between the distributions of the left- and right-affected par-

ticipants on the BIT score (Wilcoxon rank sum test, p<0.01). Forty three (43%) out

of 201 participants with stroke had visuospatial neglect (BIT score <130, 37 left- and

6 right-side-affected).

3.2.3 Individual Participant Exemplars

This section presents example data for each of the selected features using three ex-

emplar participants. The example data demonstrates how individual performance is

evaluated using each feature. It illustrates how each feature captures differences in

performance between control and stroke participants, which can only be shown using

individual data.

Three male, right-hand dominant participants were selected from the participants

pool: (1) control participant, age 54, showing a typical, average control behaviour;

(2) right-side-affected (RA) stroke participant, age 59, presenting typically observed

deficits in right-side-affected stroke patients; (3) left-side-affected (LA) stroke par-

ticipant with visuospatial neglect, age 47, representing a group of individuals with

a distinct behaviour of participants with visuospatial neglect. Table 3.4 shows the

clinical scores of the selected stroke participants.
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Table 3.4: Demographic and Clinical Data for selected exemplar participants for the
Object Hit task.

Exemplar Participants
Measure Left-Affected Right-Affected Control
Age 47 59 54
Gender Male Male Male
Handedness Right Right Right
Type of Stroke Ischemic Ischemic
Stroke location Cortical Cortical
Days since stroke 18 32
BIT 105 141
MoCA 16 20
FIM cog. intake score 9 30
FIM mot. intake score 70 81
MAS left 0 1
MAS right 0 1
Purdue left 4 7.5
Purdue right 10.5 4
Limb Unaffected Affected Unaffected Affected
CMSAa score 6 6 7 4
CMSAh score 7 6 6 4

Abbreviations: BIT, Behavioural Inattention Test; MoCA, Montreal Cognitive Assessment; FIM,

Functional Independence Measure; MAS, Modified Ashworth Scale; Purdue, Purdue Peg Board Test;

CMSAa, Chedoke−McMaster Stroke Assessment Scale arm; CMSAh, Chedoke−McMaster Stroke

Assessment Scale hand.

Global Performance

The overall performance of the control participant in terms of Hit Percentage was

82.3% and is visualized in the performance grid (Figure 3.9A, left panel). The partic-

ipant successfully hit most of the balls, especially at the beginning of the task, when

the task was easy. As the task became more difficult (towards the bottom of the

grid), the participant started to miss balls predominately at the edges of the screen.

The performance grid of the right-side-affected (RA) participant is noticeably

different than the grid of the control participant (Figure 3.9A, center panel). The
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RA participant hit the balls predominantly with the non-affected (left) hand. Overall,

the participant missed more balls (Hit Percentage of 47%) and started missing them

earlier in the task than the control participant.

The performance grid of the left-side-affected (LA) participant reflects the perfor-

mance of a participant with visuospatial neglect (Figure 3.9A, right panel). Similar to

the RA participant, the LA participant showed preference of using the non-affected

hand to hit the balls and the overall performance was also low (Hit Percentage of

39%). In addition, the LA participant almost completely neglected the left side of

the screen and showed shifted attention towards the right side.

Spatial and Bimanual Performance

The right hand dominant control participant displayed slight preference towards using

the right hand (Figure 3.9B and C, left panel). This was reflected in the: 1) number

of balls hit with the right hand vs. left hand (Hand Bias of hits of 0.04); 2) bin

space (Hand Transition of 4 cm to the left); and 3) hand speed (Hand Speed Bias of

0.07m/sec).

The RA participant showed noticeable preference for using the non-affected, left

hand in performing the Object Hit task (Figure 3.9B, center panel). This was re-

flected in -0.4 Hand Bias, Hand Transition of 7.2 cm to the right and Hand Speed

Bias of -0.38m/sec. This preference is illustrated in the hand movement trajectories

where the area covered with the right hand is visibly smaller than the area of the left

hand (Figure 3.9C, center panel).

The LA participant with visuospatial neglect missed balls predominantly with the

stroke-affected, left hand (Hand Bias = 0.42). The preference to use the non-affected
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arm was also reflected in the hand speed (Hand Speed Bias of 0.14m/sec). The hand

movement trajectories of the LA participant illustrate the predominant use of right

hand to cover the left hand space (Figure 3.9C, right panel). However, the hand

movements are shifted towards the right side of the screen, which is the side of the

non-affected arm. This unusual pattern was reflected in the Hand Transition that was

shifted 12.8 cm from the center towards the non-affected arm. In contrast, the Hand

Transition for the RA and LA participants without visuospatial neglect is usually

shifted towards the affected side of the body.

Temporal Changes in Performance

Figure 3.10A (left panel) presents the Hits per Second curve for the control partici-

pant. As expected, there is a moderate increase of successful hits with time. When

the task difficulty increases and the number of balls on the screen increases, the num-

ber of hits per second increases as well. The control participant had a high hit rate

and on average hit 2 balls a second (trimmed mean = 1.78 h/s). On the other hand,

the Hits per Second curve of the RA and LA stroke participants (Figure 3.10A, center

and right panels) is more flat and only increases slightly as the task progresses. Con-

sequently, the hit rate was not higher than 1 ball a second for both stroke participants

(trimmed mean = 1.03 h/s for RA participant and trimmed mean = 0.86 h/s for LA

participant).

Figure 3.10B (left panel) presents the misses-in-time curve for the exemplar con-

trol participant. The curve is monotonically increasing with Area Under Curve M1

= 18454. The area is relatively small and captures the ability of the participant to
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cope with the increased difficulty in the first half of the task. The number of misses-

in-time curve increases much more sharply for the RA and LA stroke participants

(Figure 3.10B, center and right panels). The participants started to miss balls ear-

lier in the task with the Area Under Curve M1 under the curve more than 6 times

larger than the Area Under Curve M1 of the control participant (Area Under Curve

M1 of 123536 and 177985 for RA and LA participant, respectively). This indicates

that stroke participants could not keep up with the increasing difficulty of the task

as well as the control participant.

The breaking point for the control participant occurred towards the end of the

task and that is reflected in the Median Error of 68% (Figures 3.10B, left panel).

The Median Error for the RA and LA participant was 61% and 56%, respectively

(Figures 3.10B center and right panels). A low median error score close to 50%

indicates that a participant missed proportionally almost the same number of balls at

the beginning of the task when there are few balls present and the task is relatively

easy, as at the end of the task when many fast moving balls are present [149].

Hand Metrics (Motor)

Figure 3.11A presents the hand speed for the right (top, red) and the left (bottom,

blue) hand. The control participant maintained slow speed at the beginning of the

task and as the task difficulty increased, he increased the speed for both hands equally.

The median Hand Speed for the right hand was 0.28m/sec and 0.34m/sec for the left

hand. The RA participant’s non-affected hand maintained a high speed, similar to

the control participant (median left Hand Speed of 0.37m/sec). However the speed

of the affected arm was much lower (median right Hand Speed of 0.14m/sec). The
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LA participant also maintained median speed of the non-affected arm slightly higher

than that of the affected arm. However, the speed of both hands was much lower

than the control speed (median Hand Speed of 0.12m/sec and 0.08m/sec for the

right and left hand, respectively).

Figure 3.11B shows the hand distance between each hit in time. The right and

left hand of the control participant traveled similar distances between hits (trimmed

mean Hand Distance Difference of 15 cm for the right hand and 16 cm for the left

hand). The RA participant showed similar behaviour as the control participant for

the non-affected arm (trimmed mean Hand Distance of 17 cm). However, the affected

arm (right) traveled smaller distances to hit the balls (trimmed mean Hand Distance

of 10 cm). On average, the LA participant didn’t move both hands more than 12 cm

to hit the balls (trimmed mean Hand Distance of 11 and 12 cm for the right and left

hand, respectively).

The difference in time between ball-hits made by each hand is presented in Fig-

ure 3.11C. Usually, it took less than a second for the control participant to hit con-

secutive balls with each hand (median Time Difference of 0.84 seconds for the right

hand and 0.89 seconds for the left hand). On the other hand it took more than

a second for stroke participants to hit the balls with the non-affected arm (median

Time Difference of 1.07 and 1.35 seconds for RA and LA participant, respectively).

Moreover, it took the stroke participants more than twice as long to make hits with

the affected arm (median Time Difference of 2.19 and 3.40 seconds for RA and LA

participant, respectively).
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Hand Coordination

The control participant made 148 hand switches to hit successive balls out of a total

of 247 successful hits, meaning that more than half of the time (60%), the participant

used both hands interchangeably to hit the balls. The hand switching for the RA and

LA stroke participants occurred less frequently than that of the control participant (60

Hand Switches out of a total of 141 successful hits, 43% for the RA participant; and

58 Hand Switches out of a total of 117 successful hits, 50% for the LA participant).

Figure 3.12A shows the weighted time difference between consecutive hits made

by a different hand. The control participant switched hands between the hits fairly

consistently (not taking into account the beginning of the task) with low variability

(std of the Weighted Time Difference = 1.48 seconds). RA and LA stroke partici-

pants, on the other hand, showed greater variability with more time passing between

consecutive hits (std of the Weighted Time Difference = 2.58 and 3.17 seconds for

RA and LA participant, respectively).

Joint Kinematics

The DTW measure of coordination in terms of the shoulder and elbow acceleration

for the control participant was 0.2 for both limbs. The RA and LA stroke participants

showed asymmetric acceleration changes for the affected and non-affected limb, which

was lower than that of the control (DTW acceleration of 0.3 for the non-affected limb

and 0.4 and 0.3 for the affected limb of the RA and LA participant, respectively,

Figure 3.12B).

Figure 3.13 presents the acceleration for the right (top graph, red) and left (bot-

tom graph, blue) shoulder. For the control participant there was a noticeable increase
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in the amplitude of the acceleration as the task difficulty increased (Shoulder Accel-

eration slope of 0.33 and 0.38 for the right and left limb, respectively). There was

more variability in the left elbow acceleration than in the right elbow (MAD Elbow

Acceleration of 6.8 rad/s2 for the right hand and 8.3 rad/s2 for the left elbow).

There was a visible difference between the range in acceleration of the affected and

non-affected limbs for the RA participant. Visually, the non-affected limb showed a

similar but slightly smaller range for the shoulder acceleration as the control partici-

pant. However, there was no increase in shoulder acceleration for both limbs (Shoulder

Acceleration slope of 0.04 and 0.09 for the right and left limb, respectively). The af-

fected limb of the RA participant had a noticeably smaller amplitude and variability

for the elbow acceleration compared to the control participant (the MAD Elbow Ac-

celeration for the non-affected elbow was 6.9 rad/s2 and 1.3 rad/s2 for the affected

elbow).

The LA participant showed a smaller shoulder acceleration range for both limbs

compared to the control participant and to the non-affected limb of the RA partic-

ipant. The MAD Elbow Acceleration for the non-affected elbow was 1.3 rad/s2 and

1.0 rad/s2 for the affected elbow. There was also no increase in shoulder acceleration

for both limbs (Shoulder Acceleration slope of 0.01 and 0.00 for the right and left

limb, respectively).

Summary of Exemplar Results

The exemplar data illustrated the typical performance results observed among con-

trol, RA stroke, and LA stroke participants with visuospatial neglect. The control

participant performed well at the beginning of the task and was able to cope with
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the increase in the task difficulty. The participant also had relatively symmetric per-

formance in terms of number of hits, speed and in space. He interchanged hands

frequently to hit the balls and displayed normal synchronization between elbow and

shoulder joints.

The RA and LA stroke participants performed differently than the control partic-

ipant for almost all features. The stroke participants tended to use their non-affected

arm more than their affected arm and that was reflected in the number of hits, speed

and in how much space they covered with each arm. The RA participant hit more

balls and covered more space with the non-affected, left hand (Hand Bias on the

non-affected side and the Hand Transition on the stroke-affected of the body). This

is a typical pattern observed in stroke participants. However, the exemplar LA par-

ticipant showed a pattern of behaviour commonly observed among participants with

visuospatial neglect [149]. The participant displayed greater use of his non-affected,

right hand (Hand Bias on the non-affected side), but the middle of the space covered

with both hands was also shifted to the right (Hand Transition on the non-affected

side).

The kinematic features revealed that both stroke participants had a reduced use

not only of their affected limbs but also of their non-affected limbs, with the LA par-

ticipant showing more severe impairment on both sides. The participants also showed

less coordination between the shoulder and elbow joints in terms of acceleration as

compared to the control participant.
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3.2.4 Group Performances

This section presents group results for all selected features and illustrates various

patterns of behaviour displayed by the exemplar participants.

Statistical Analysis of Control Data

The control participants performance data was analyzed separately to identify any

statistical dependencies. The regression analysis showed which of the features were

affected by participant’s age (Table 3.5). The analysis identified 4 features to have

age dependence (figures are presented in the AppendixC). Table 3.5 shows the nor-

mative statistics in terms of percentiles (2.5, 5, 50, 95, 97.5) and displays the range

of performance for healthy participants. Regression values reflect the impact of age

and the corresponding percentile values reflect the residuals that are added to the

regression to identify percentile performance (on how to compute a percentile value

for a given participant please see Equation 3.4).

Statistical analysis was also performed to identify possible influences of sex (Ta-

ble 3.5). Eight features showed significant difference in distributions between male

and female groups (two-sample Kolmogorov-Smirnov test, p < 0.01). Since all of

the control participants were right handed or ambidextrous with positive Modified

Edinburgh Handedness Inventory score, the arm-difference test was not performed.

Performance of Stroke Participants

Tables 3.6 and 3.7 present the correlation values between each feature results among

RA and LA stroke participants to eight clinical scores (FIM, BIT, MoCA, Modified

Ashworth (MAS), Purdue Pegboard and Chedoke-McMaster Stroke Assessment Scale
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Table 3.5: Model fits and percentiles for the object hit task features. Percentiles
display the range of performance for healthy participants.

Percentiles (%)
Feature Transf. Slope Intcpt. 2.5 5 50 95 97.5

Gender Independent

Hand Transition 4.10 4.20 4.80 5.40 5.58
Median Error 76.2 -0.11 -19.7 -17.1 0.07 15.7 17.7
Hand Speed RH 0.15 0.16 0.25 0.38 0.41
Hand Speed LH 0.15 0.17 0.25 0.39 0.41
Hand Dist. RH 0.12 0.13 0.15 0.18 0.18
Hand Dist. LH 0.12 0.12 0.15 0.17 0.18
Speed Bias -0.14 -0.11 -0.01 0.11 0.13
Hand Bias -0.09 -0.06 0.06 0.16 0.18
Sh. Acc. Inc. LH 0.04 0.05 0.13 0.28 0.31
Elbow Acc. RH 2.24 2.49 4.74 9.78 10.66
Elbow Acc. LH 2.30 2.62 4.66 8.96 9.80
DTW Acc. RH 0.18 0.19 0.31 0.44 0.48
DTW Acc. LH 0.21 0.22 0.33 0.46 0.48

Gender Dependent - Male

Hit Percentage x2 8345 -45.6 -2615 -2148 96 1929 2410
Hits per Sec. 1.19 1.24 1.70 1.98 2.04
AUC M1

√
x 37.52 1.98 -137 -108 -0.67 132 138

Time Diff. RH 133 137 176 247 256
Time Diff. LH 146 157 197 283 303
Num of HSs 169.32 -0.59 -36.34 -29.10 0.08 23.87 26.20
Time Diff. W. 224 231 293 416 457
Sh. Acc. Inc. RH 0.05 0.07 0.16 0.31 0.33

Gender Dependent - Female

Hit Percentage 81.77 -0.22 -18.19 -15.63 -0.18 12.84 14.07
Hits per Sec. 1.11 1.20 1.57 1.86 1.92
AUC M1

√
x 95.41 1.58 -134 -111 0.69 124 138

Time Diff. RH 144 153 191 260 287
Time Diff. LH 163 169 216 312 325
Num of HSs 148.13 -0.40 -40.32 -30.15 -0.49 20.97 28.56
Time Diff W. 239 244 311 426 469
Sh. Acc. Inc. RH 0.03 0.04 0.14 0.30 0.37

Abbreviations: Intcpt., Intercept; Transf., Transform; RH, Right Hand; LH, Left Hand; Sh. Acc.Inc.,

Shoulder Acceleration Increase; Acc., Acceleration; DTW, Dynamic Time Warping; Sec., second;

AUC, Area Under Curve; Time Diff., Time Difference; HSs, Hand Switches; Time Diff. W., Time

Difference Weighted
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for arm and hand (CMSAa and CMSAh)). Values with significance p-value < 0.01

are bold and values with p-value ≥ 0.01 and < 0.05 are italic. Features that were

calculated separately for each arm were correlated to the corresponding arm scores

of the Modified Ashworth, CMSAa, CMSAh, and Purdue Pegboard test. All other

features were correlated to the affected arm scores for these tests.

Almost all features showed significant correlation to FIM cognitive and motor

scores with highest correlation of 0.39 (cognitive) and 0.67 (motor) for RA group

and 0.48 (cognitive) and 0.66 (motor) for the LA group. FIM is a measure of dis-

ability, it measures the ability of an individual to perform activities of daily living

(see AppendixA). On the other hand, the Object Hit task is designed to identify

impairments. An impairment can translate into an inability to do some activities of

daily living, and therefore, we see the correlation of the Object Hit features to the

FIM scores.

Many features had high correlation to BIT score. The highest correlation among

RA group was -0.49 to the Time Difference feature for the affected arm. Among the

LA group correlation were observed for almost all features, with highest correlation

noted in the Global and Temporal Changes in Performance categories. BIT is an

assessment tool often used for diagnosis of visuospatial neglect. Visuospatial neglect

was far more common in LA in our cohort, which explains the high correlation of the

Object Hit features among LA group to the BIT scores.

There was a modest correlation to MoCA scores among RA and LA groups to

some features (with highest correlation of -0.45 for RA and -0.38 for LA group (Area

Under Curve M1 feature). The MoCA score reflect presence of cognitive dysfunction.

Object Hit task requires attention and possibly other cognitive processes, therefore,
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it is valid to assume that an individual with impaired cognitive abilities will perform

poorly in some aspects the task.

The measure of spasticity (MAS) had modest correlation to some of the features

among the RA group and but higher correlations to most of the features of the LA

group. The correlation can be explained by the fact that participants with spasticity

have difficulty performing rapid reaching movements to hit the balls and this might

affect their overall performance.

The Purdue Peg Board Test measures upper limb dexterity and CMSAh and

CMSAa scores reflect the presence and severity of impairments in hand and arm

function. Almost all features displayed significant correlation to these scores, notably

features in the bimanual, hand coordination and joint kinematics group with highest

correlation of 0.74 for RA and -0.73 for LA group.

Performance of Stroke vs Control Participants

Table 3.8 identifies the percentage of stroke participants that showed performance

above and/or below bounds defined by the healthy population. The cut-off range

specifies the upper and/or lower bound that was established for each feature for

the Impaired Performance analysis (see section 3.1.3 for more details). The table

also shows the Mutual Information (MI) computed between each feature and the

class label (Control, RA, LA). The results of the analysis for the participants with

visuospatial neglect were examined separately (Table 3.8, columns 4, 6).

The features that identified highest percentage of impaired performance among

stroke participants were: time difference between hits made with the affected arm,

number of hand switches, and hit percentage. More than 87% of stroke participants
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Table 3.6: Correlation between Object Hit features and clinical scores for the right-
side-affected participants. Values with significance p-value < 0.01 are bold
and values with p-value ≥ 0.01 and < 0.05 are italic.

Feature FIMc FIMm BIT MoCA MAS Purdue CMSAa CMSAh

Global Performance

Hit % 0.32 0.54 0.42 0.42 -0.13 0.51 0.48 0.47

Spatial Performance

Hand Trans. 0.16 -0.15 0.41 0.21 0.25 -0.37 -0.40 -0.43

Temporal Changes in Performance

Hits per Sec. 0.32 0.54 0.41 0.42 -0.13 0.51 0.49 0.47
AUC M1 -0.36 -0.57 -0.47 -0.45 0.10 -0.50 -0.50 -0.49
Med. Error 0.37 0.58 0.38 0.42 -0.14 0.51 0.50 0.50

Hand Motor, Right Hand

Hand Speed 0.26 0.57 0.24 0.32 -0.25 0.59 0.70 0.69
Hand Dist. 0.36 0.67 0.23 0.44 -0.14 0.54 0.70 0.71
Time Diff. -0.35 -0.62 -0.29 -0.29 0.26 -0.69 -0.73 -0.72

Hand Motor, Left Hand

Hand Speed -0.20 0.01 0.12 0.03 0.16 -0.03 -0.17 -0.18
Hand Dist. 0.00 0.08 0.30 0.23 0.11 0.31 -0.06 -0.01
Time Diff. -0.20 -0.29 -0.49 -0.34 -0.08 -0.45 -0.21 -0.23

Bimanual Performance

Speed Bias 0.39 0.61 0.16 0.35 -0.23 0.55 0.72 0.69
Hand Bias 0.31 0.53 0.10 0.14 -0.29 0.62 0.74 0.71

Hand Coordination

Num of HSs 0.36 0.67 0.34 0.34 -0.26 0.67 0.70 0.67
Time Diff. W. -0.34 -0.47 -0.47 -0.45 0.10 -0.48 -0.47 -0.44

Joint Kinematics, Right Hand

Sh. Acc. Inc. 0.11 0.48 0.12 0.22 -0.20 0.52 0.58 0.55
Elbow Acc. 0.17 0.50 0.15 0.21 -0.31 0.60 0.68 0.65
DTW Acc. 0.05 -0.13 -0.06 0.18 0.29 -0.37 -0.33 -0.26

Joint Kinematics, Left Hand

Sh. Acc. Inc. -0.10 0.31 0.09 0.14 0.02 0.33 0.16 0.05
Elbow Acc. -0.21 0.06 0.09 -0.04 0.13 -0.06 -0.17 -0.18
DTW Acc. -0.21 -0.25 -0.09 0.07 -0.05 0.17 0.05 -0.01

Abbreviations: FIM, Functional Independence Measure; BIT, Behavioural Inattention Test; MoCA,

Montreal Cognitive Assessment; MAS, Modified Ashworth Scale; Purdue, Purdue Peg Board

Test; CMSAa, Chedoke−McMaster Stroke Assessment Scale arm; CMSAh, Chedoke−McMaster

Stroke Assessment Scale hand; Trans., Transition; Sec., Second; Diff., AUC, Area Under Curve ;

Difference; Dist., Distance; HSs, Hand Switches; Time Diff. W., Time Difference Weighted; Sh.

Acc.Inc., Shoulder Acceleration Increase; Acc., Acceleration; DTW, Dynamic Time Warping;
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Table 3.7: Correlation between Object Hit features and clinical scores for the left-side-
affected participants. Values with significance p-value < 0.01 are bold and
values with p-value ≥ 0.01 and < 0.05 are italic.

Feature FIMc FIMm BIT MoCA MAS Purdue CMSAa CMSAh

Global Performance

Hit % 0.44 0.53 0.50 0.36 -0.36 0.53 0.47 0.43

Spatial Performance

Hand Trans. -0.25 0.06 -0.35 -0.28 -0.02 0.05 0.15 0.06

Temporal Changes in Performance

Hits per Sec. 0.44 0.53 0.50 0.35 -0.36 0.53 0.47 0.43
AUC M1 -0.46 -0.55 -0.52 -0.38 0.40 -0.54 -0.51 -0.48
Med. Error 0.44 0.50 0.47 0.35 -0.37 0.51 0.50 0.47

Hand Motor, Right Hand

Hand Speed 0.28 0.21 0.15 0.00 -0.14 0.18 0.18 0.02
Hand Dist. 0.37 0.23 0.38 0.22 -0.10 0.37 0.27 0.25
Time Diff. -0.23 -0.21 -0.39 -0.26 -0.05 -0.41 -0.32 -0.29

Hand Motor, Left Hand

Hand Speed 0.48 0.60 0.40 0.16 -0.40 0.60 0.61 0.53
Hand Dist. 0.32 0.61 0.32 0.11 -0.45 0.59 0.68 0.58
Time Diff. -0.21 -0.25 -0.17 -0.11 0.11 -0.33 -0.33 -0.29

Bimanual Performance

Speed Bias -0.38 -0.66 -0.37 -0.12 0.38 -0.63 -0.73 -0.63
Hand Bias -0.36 -0.56 -0.20 -0.09 0.23 -0.62 -0.62 -0.55

Hand Coordination

Num of HSs 0.47 0.62 0.44 0.31 -0.35 0.66 0.60 0.54
Time Diff. W. -0.37 -0.52 -0.46 -0.34 0.39 -0.40 -0.43 -0.37

Joint Kinematics, Right Hand

Sh. Acc. Inc. 0.20 0.32 0.16 0.04 -0.13 0.21 0.14 -0.01
Elbow Acc. 0.21 0.18 0.12 -0.03 -0.12 0.19 0.15 0.00
DTW Acc. -0.06 -0.16 0.03 0.10 0.01 0.10 0.12 0.24

Joint Kinematics, Left Hand

Sh. Acc. Inc. 0.31 0.50 0.33 0.17 -0.27 0.54 0.51 0.45
Elbow Acc. 0.40 0.52 0.33 0.16 -0.35 0.58 0.54 0.48
DTW Acc. 0.13 0.06 0.16 0.08 0.03 0.00 0.07 0.06

Abbreviations: FIM, Functional Independence Measure; BIT, Behavioural Inattention Test; MoCA,

Montreal Cognitive Assessment; MAS, Modified Ashworth Scale; Purdue, Purdue Peg Board Test;

CMSAa, Chedoke−McMaster Stroke Assessment Scale arm; CMSAh, Chedoke−McMaster Stroke

Assessment Scale hand; Trans., Transition; Sec., Second; AUC, Area Under Curve; Diff., Difference;

Dist., Distance; HSs, Hand Switches; Time Diff. W., Time Difference Weighted; Sh. Acc.Inc.,

Shoulder Acceleration Increase; Acc., Acceleration; DTW, Dynamic Time Warping;
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Table 3.8: Group performance analysis for the Object Hit task. Percentages for
stroke group reflect performance above and/or below bounds defined by
the healthy population (defined in column: Cut off range %). Inter-rater
values reflect performance assessed in two separate sessions performed by
different operators.

Cut-Off LA % RA % Class
Feature Range % All VN All VN MI IRR

Global Performance

Hit Percentage <5 86 100 75 83 0.83 0.97

Spatial Performance

Hand Transition <2.5 >97.5 37 57 42 67 0.62 0.70

Temporal Changes in Performance

Hits per Second <5 85 100 72 83 0.83 0.96
AUC M1 >95 86 100 72 83 0.81 0.97
Median Error <5 78 100 59 83 0.84 0.85

Hand Motor, Right Hand

Hand Speed <5 39 62 59 67 0.68 0.87
Hand Dist. <5 43 70 66 83 0.68 0.77
Time Diff. >95 58 86 87 100 0.76 0.92

Hand Motor, Left Hand

Hand Speed <5 79 97 14 33 0.75 0.90
Hand Dist. <5 73 92 18 50 0.74 0.93
Time Diff. >95 89 100 34 50 0.75 0.99

Bimanual Performance

Speed Bias <2.5 >97.5 69 92 61 83 0.78 0.98
Hand Bias <2.5 >97.5 71 89 65 100 0.81 0.93

Hand Coordination

Num of HSs <5 89 100 73 83 0.89 0.95
Time Diff. W. >95 86 100 68 83 0.77 0.90

Joint Kinematics, Right Hand

Sh. Acc. Inc. <5 64 81 68 83 0.70 0.96
Elbow Acc. <5 43 62 59 67 0.69 0.92
DTW Acc. >95 16 19 23 17 0.55 0.85

Joint Kinematics, Left Hand

Sh. Acc. Inc. <5 75 95 42 33 0.75 0.91
Elbow Acc. <5 81 97 18 33 0.75 0.90
DTW Acc. >95 16 5 11 17 0.51 0.75

Abbreviations: VN, Visuospatial Neglect; LA, Left Affected; RA, Right Affected; MI, Mutual Infor-

mation; IRR, Inter-Rater; Trans., Transition; Sec., Second; AUC, Area Under Curve; Diff., Differ-

ence; Dist., Distance; HSs, Hand Switches; Time Diff. W., Time Difference Weighted; DH, Dominant

Hand; NDH, Non-Dominant Hand; Sh. Acc.Inc., Shoulder Acceleration Increase; Acc., Acceleration;

DTW, Dynamic Time Warping;
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Table 3.9: Number of participants that were above and/or below bounds defined by
the healthy population for 0-21 features.

# Features LA RA
Failed Control All VN All VN

0 189 5 0 7 0
1 47 2 0 1 0
2 26 1 0 1 0
3 15 1 0 4 0
4 10 3 0 1 1
5 5 4 0 1 0
6 4 1 0 0 0
7 0 2 0 5 0
8 1 1 0 6 0
9 2 1 0 2 0
10 2 1 1 0 0
11 3 8 0 4 1
12 2 3 1 9 0
13 0 3 2 4 1
14 1 15 5 11 0
15 0 17 4 7 1
16 0 14 4 10 0
17 0 11 9 2 2
18 0 14 10 2 0
19 0 13 1 2 0
20 0 0 0 0 0
21 0 2 0 0 0

Total 307 122 37 79 6

Abbreviations: VN, Visuospatial Neglect; LA, Left Affected; RA, Right Affected;
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hit the balls less frequently with their affected arm compared to the control group.

Eighty nine percent (89%) of LA and 73% of RA participants showed impaired ability

to switch the work load (hitting the balls) from one hand to another. The hit per-

centage feature also identified a large number of participants with stroke as different

from controls. This is not surprising as overall task performance can be influenced

by a variety of sensory, motor and cognitive impairments [149]. All participants with

visuospatial neglect were identified as impaired compared to the control group on

these three features (Hit Percentage and number Hand Switches for LA and Time

Difference for the RA participants).

The inter-rater reliability correlations were generally very high across sessions with

more than half of the values above 0.90 (Table 3.8, last column). The time difference

of the left hand displayed the highest correlation at 0.99, with average speed bias and

hit percentage also attaining high values (0.98 and 0.97, respectively).

The number of participants that were above and/or below bounds as defined by

the control group for 0 to 21 features is shown in Table 3.9. More than half of the

control participants (62%) were inside the bounds for all the features, with only 7%

of control participants identified as outside the bounds for 5 or more features. In

contrast, 82% of RA and 90% of LA participants were identified as impaired on 5

or more features. Moreover, 82% of left-affected participants performed very poorly

in the task as they were identified as impaired for 11 features or more. On the

other hand, right-affected participants were more uniformly distributed with regards

to the number of features that were different from controls. All participants with

visuospatial neglect were identified as impaired on 5 or more features and all but 1

of these participants were outside the bounds on 10 or more features [149].
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The following figures present the performance of all participants for a number of

selected features. Figures for the rest of the selected features are presented in the

AppendixC.

Figure 3.14A displays the hit percentage versus difference in hand distance be-

tween hits made with the left hand (control group) or the affected arm (stroke group).

The values for both features were much higher for participants with stroke as com-

pared to controls, especially, for participants with visuospatial neglect (filled trian-

gles).

Figure 3.14B shows the number of hand switches vs median error. Stroke par-

ticipants started missing balls earlier in the task than control participants. In the

extreme case, some participants with stroke have median scores near 50, indicating

they missed proportionally the same number of balls at the beginning of the task as at

the end of the task [149]. LA participants with visuospatial neglect (filled triangles)

formed a cluster at the bottom left corner of the plot. These participants performed

worse than all other participants on both features with low median error and low

number of hand switches.

Figure 3.15A displays hand transition versus hand bias of hits. Control partic-

ipants are generally clustered close to zero for both scores with slight inclination

towards the top left corner. This denotes relatively equal use of both hands to hit

objects and the transition from using one limb versus the other occurred near the

midline with slight preference given to the right hand. As expected, LA participants

predominantly hit more balls with their non-affected, right hand, whereas RA partici-

pants used more their non-affected, left hand. Participants in the upper left and lower

right quadrants represent an expected trade-off between hand use and the transition
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Figure 3.14: Group performance for selected features for the Object Hit task. A) Hit
percentage versus difference in hand distance between hits made with the
non-dominant hand (control group) or the affected arm (stroke group).
B) Number of hand switches versus median error. Control participants
are represented as green open circles, right-affected participants are the
red, right-pointing triangles and left-affected participants are shown as
blue, left-pointing triangles. Participants with visuospatial neglect are
denoted by filled triangles.
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Figure 3.15: Group performance for selected features for the Object Hit task. A)
Hand transition versus hand bias of hits. B) Median speed for the right
and left hands. Control participants are represented as green open cir-
cles, right-affected participants are the red, right-pointing triangles and
left-affected participants are shown as blue, left-pointing triangles. Par-
ticipants with visuospatial neglect are denoted by filled triangles. Per-
formance of the two arrow-marked participants was examined separately
(see text for details).
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Figure 3.16: Performance grid of a A) 43 years old, male, right handed LA participant
with BIT score of 131; B) 65 years old, male, right handed LA participant
with BIT score of 135; The grid is showing in red slots where balls were
hit with the right hand, in blue slots were balls were hit with the left
hand and white are the slots where balls were missed. The first row
corresponds to the beginning of the task, where balls were slow and the
last row represents the last 10 balls of the task.

point in the workspace for using the two hands. Most RA participants displayed this

pattern where they hit more balls with their non-affected hand and had the transition

between using the two hands on the stroke-affected, right side of the body (exempli-

fied by the middle panel in Figure 3.9). This expected trade-off was not as common

in some of the LA participants who often displayed greater use with the non-affected,

right hand (expected), but the transition from using the left and right hands was also

shifted to the right (unexpected).

These unexpected patterns of behavior were commonly observed among partic-

ipants with visuospatial neglect (BIT scores below 130, Figure 3.15 filled triangles,

lower left and upper right quadrants), although some other stroke participants also

displayed this pattern [149]. For example, grid performances of two participants

marked with a black arrow and numbers (1) and (2) in Figure 3.15 are shown in
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Figure 3.16A and B. The performance grid for these participants (43 and 65 year old,

male, right handed) clearly shows signs of visuospatial neglect. Both grids are very

similar to the performance grid of the LA exemplar participant with visuospatial ne-

glect presented earlier (see Figure 3.9A). However, the BIT assessment score for these

participants was 131 and 135, respectively, which is a few points above the cut off

threshold used for the diagnosis of visuospatial neglect. This example illustrates that

the Object Hit task and its features (Hit Bias and Hand Transition in particular) can

effectively help the clinicians in diagnosing conditions such as visuospatial neglect.

Figure 3.15B presents the median speed for the left and right hands. There was

a broad range of speeds utilized by control participants, ranging from 0.12m/sec to

0.48m/sec. Nevertheless, right and left hand speeds for control participants were

highly correlated (r = 0.82), indicating that if they moved quickly/slowly with one

limb they also moved the other limb quickly/slowly. However, participants with stroke

usually displayed asymmetric hand speeds with the affected limb typically moving

much slower than their less affected limb. This asymmetry was particularly predom-

inant for left-affected participants with visuospatial neglect (Figure 3.15B, filled blue

triangles) [149]. Some of the stroke participants showed bimanual impairment, where

speed of both hands was much slower than the control group (red and blue triangles

near or on the dashed line at the left-bottom corner of the Figure 3.15B).

Figure 3.17 shows the increase in the amplitude of the shoulder acceleration for

the left and right limbs throughout the task. Majority of control participants had an

increase in the amplitude of acceleration of the shoulder joint as the task difficulty

increased. They also had a fairly correlated increase in acceleration between two

shoulders (r=0.86). In contrast, a majority of the stroke participants displayed no
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Figure 3.17: Group performance for the increase in the amplitude of the right vs left
shoulder acceleration. Control participants are represented as green open
circles, right-affected participants are the red, right-pointing triangles
and left-affected participants are shown as blue, left-pointing triangles.
Participants with visuospatial neglect are denoted by filled triangles.

increase in acceleration either for their affected limb or for both limbs (see large group

of stroke participants in the lower right corner close to line of symmetry).

3.3 Summary

This chapter presents the framework for analysis and extraction of information from

robotic data to quantify sensorimotor impairments of participants with stroke. The
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framework was applied on the Object Hit task where the following steps were com-

pleted:

1. First the data was visualized and observed. Visualization identified possible

areas where control population behaved or performed differently than the stroke

population.

2. Following the visualization and observation, a set of features was developed that

captured different aspects of performance and behaviour. These feature were

then divided into different categories.

3. The features were analyzed to identify any influence of age and/or sex.

4. Reliability and validity analysis was performed to identify features that are reli-

able and valid and, therefore, are applicable for the assessment of sensorimotor

impairments.

5. Each feature was analyzed to identify its predictive power (or “strength”) to

identify stroke participants as different than the control population.

6. Feature reduction was performed to select a final subset of features based

on four criteria: (1) the individual predictive power; (2) feature independency;

(3) reliability; and (4) concurrent validity.

The results demonstrate that the Object Hit task provides an objective and easy

approach to quantify upper limb motor function and visuospatial skills after stroke.

The developed final set of features are valid and they reliably measure sensorimotor

performance. Therefore, these features can also be applied for diagnosis and prognosis

of other neurological deficits, beyond stroke assessment.
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Chapter 4

Fuzzy Neural Network

The previous chapter presented a framework for extracting information from robotic

data that can be used in assessment of sensorimotor impairments. In the analysis, in

order to evaluate the predictive power of each feature to identify stroke participants

as different than the control population, an Impaired Performance analysis was devel-

oped (Section 3.1.3). In this analysis, each feature was used separately to identify if a

given participant has an impairment. This chapter presents a Fuzzy Neural Network

that identifies an impairment by combining all features.

4.1 Fuzzy Neural Network Design

Based on the Tsukamoto inference method [54], a Fuzzy Neural Network was de-

veloped. The system combines the features in each of the seven categories (global

performance, spatial performance, temporal changes in performance, hand motor, bi-

manual performance, hand coordination, and joint kinematics) to produce an output.

This output can be used to say if a participant has an impairment and in which

category. It can also provide a degree of performance on a 0 − 1 scale.

The developed FNN has the same basic structure as in Figure 2.6B with the input,
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membership function, fuzzy rules and the output layers. The FNN was constructed

from a training set consisting of the Object Hit task results (the results of 21 features)

for control and stroke participants (the input layer).

4.1.1 Membership Function Layer

The fuzzy set of “Performance” was characterized by two membership functions:

“Control” and “Impaired”. For each feature, Control and Impaired membership

functions were calculated using the standardized S-function proposed by Zadeh [170]

as in Equations 4.1 and 4.2 .

Sleft(x; a, b, c) =



0 x ≤ a

(x− a)2

(b− a)(c− a)
a < x ≤ b

1− (x− c)2

(c− b)(c− a)
b < x ≤ c

1 x ≥ c

(4.1)

Sright(x; a, b, c) =



1 x ≤ a

1− (x− a)2

(b− a)(c− a)
a < x ≤ b

(x− c)2

(c− b)(c− a)
b < x ≤ c

0 x ≥ c

(4.2)

The same cutoff range that was used in the Impaired Performance analysis (see

Section 3.1.3), was used to determine the type of the S-function (left or right side). A

left-side S-function was fitted to the control data and right-side S-function was fitted

to stroke data when the cutoff was < 5% (see example in Figure 4.1 A). A right-side

S-function was fitted to the control data and left-side S-function was fitted to stroke

data when the cutoff was > 95% (see example in Figure 4.1 B). For features where
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the cutoff was < 2.5 and > 97.5, the membership function for the “Control” fuzzy set

was created by fitting a gaussian to the control data; and the membership function

for the “Impaired” fuzzy set was created by fitting a left- and a right-side S-function

to the stroke data on both sides of the control data (see example in Figure 4.1 C).

The Control membership function was fitted using all control input values, whereas

the Impaired membership function was computed using only stroke data that was

outside the 75% of the control range using the same cutoff direction as in the Impaired

Performance analysis. This means that the cutoff value was changed from [< 5%,

> 95% and < 2.5% & > 97.5] to [< 25%, > 75% and < 12.5% & > 87.5], respectively.

This was done to ensure that the S-function changes gradually and covers more data

points.

The shape of the S-function is determined by three adjustable parameters: a, b

and c, where b is the inflection point, and a and c are the points where the S-function

is one or zero. The Particle Swarm Optimization algorithm with restriction [25, 40]

was used to find the a, b and c parameters of the S-function that optimally fit the

underlying data distribution. The optimization criterion was to minimize the sum

of squares of the difference between the S-function curve and the data frequency

(histogram). The following restriction was used in the algorithm to capture the nature

of the S-function: low limit ≤ a ≤ b ≤ c ≤ high limit. The low limit/high limit is the

minimum/maximum data value minus/plus three standard data deviations.

In order to avoid floor and ceiling effects in the grading of performance, the fitted

S-function was modified as follows. The output of the S-function was changed to

the output of an appropriate arctangent function at the points xmin and xmax, such

that Sleft(xmax, a, b, c) = 0.9, Sleft(xmin, a, b, c) = 0.1, Sright(xmax, a, b, c) = 0.1, and
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Sright(xmin, a, b, c) = 0.9. The arctangent was scaled to have limx→∞ = 1, limx→−∞ =

0 for left-side S-function, and limx→−∞ = 1, limx→∞ = 0 for right-side S-function.

The results of the gender and age analysis were incorporated into the system.

Consequently, two FNN systems were built where membership functions for features

with influences of sex were created using male and female data sets separately. Before

computing membership functions for the features with influences of age, the data was

transformed if necessary and the residuals were subtracted from the data.

4.1.2 Rules and the Output Layer

For each feature i the Control and Stroke membership functions mapped the input to

the “Control” (Ci) and Impaired(Ii) fuzzy sets. As a result, there were 21 membership

functions that mapped input to C1, C2, ..., C21 and I1, I2, ..., I21 fuzzy sets. Two output

membership functions denoted as “low” and “high” characterized the “Impairment”

fuzzy set. A monotonically decreasing function (Figure 4.2) mapped each output of

the rule layer to the low impairment (B1) fuzzy set. The high impairment (B2) fuzzy

set was characterized by a monotonically increasing function (Figure 4.2 B).

In the Rules layer, for each feature fi two rules were created: one rule ℜi1 to

map the Ci fuzzy set to the B1 output fuzzy set and second rule ℜi2 to map the

Ii fuzzy set to the B2 output fuzzy set(Table 4.1). The overall performance output

was generated by combining (defuzzifying) outputs of all rules using the weighted

average. In addition, an output was produced in each category (global performance,

spatial performance, temporal changes in performance, right hand motor, left hand

motor, bimanual performance, hand coordination, right limb kinematics and left limb

kinematics) by computing the weighted average of the rule outputs in each category.
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Figure 4.1: Example of membership functions for three features. The underlying data
is shown with normalized histograms where control data are in green,
right-affected stroke data are in red and left-affected stroke data is in
blue. The membership functions for the “control” fuzzy set are in green
and for the “impaired” fuzzy set are in red A) membership functions for
the Median speed of the right hand feature. B) membership functions for
the Area Under the Curve M1 feature. C) membership functions for the
Hand Bias feature.
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Figure 4.2: Output Membership Functions. A) Membership function for the “low
impairment” fuzzy set B1. B) Membership function for the “high impair-
ment” fuzzy set B2

Table 4.1: Rules of the Fuzzy Neural Network showing the 42 rules

Rule i Antecedent Consequence Category
ℜi1: 1 if x is Ci then yi1 is B1 Globalℜi2: 1 if x is Ii then yi2 is B2

ℜi1: 2 if x is Ci then yi1 is B1 Spatialℜi2: 2 if x is Ii then yi2 is B2

ℜi1: 3,4,5 if x is Ci then yi1 is B1 Temporalℜi2: 3,4,5 if x is Ii then yi2 is B2

ℜi1: 6,7,8 if x is Ci then yi1 is B1 Right Hand
ℜi2: 6,7,8 if x is Ii then yi2 is B2 Motor
ℜi1: 9,10,11 if x is Ci then yi1 is B1 Left Hand
ℜi2: 9,10,11 if x is Ii then yi2 is B2 Motor
ℜi1: 12,13 if x is Ci then yi1 is B1 Bimanualℜi2: 12,13 if x is Ii then yi2 is B2

ℜi1: 14,15 if x is Ci then yi1 is B1 Coordinationℜi2: 14,15 if x is Ii then yi2 is B2

ℜi1: 16,17,18 if x is Ci then yi1 is B1 Right Joint
ℜi2: 16,17,18 if x is Ii then yi2 is B2 Kinematics
ℜi1: 19,20,21 if x is Ci then yi1 is B1 Left Joint
ℜi2: 19,20,21 if x is Ii then yi2 is B2 Kinematics
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4.2 Validation of the Fuzzy Neural Network

The FNN was built using a training data set and a 10-fold cross-validation was per-

formed to assess its accuracy. In order to compare the FNN results to the class labels

(stroke or control), the output value of the FNN for each participant in each category

and overall was converted to a binary 1 (stroke/ impaired) or 0 (control) using 0.5

threshold. To obtain the final classification accuracy, the binary output was compared

to the class-label.

During the training process, the training data was used only to construct the

membership functions. No training algorithm that is typically used to train a neural

network, such as back-propagation [91] was necessary. Therefore, the typical problems

that are associated with the training algorithms were avoided (e.g. learning algorithms

often get trapped in a local minimum [91]).

Results in Table 4.2 illustrate that there was almost no difference in classifica-

tion accuracy between training and testing sets. The classification accuracy over all

categories was 91% in the training set and 92% in the test set. This means that

the developed FNN is accurate and generalizes well. The highest classification result

was achieved in the Global category(88% and 89% in the training and test set, re-

spectively) and in the Temporal category(87% and 88% in the training and test set,

respectively). The results also show high sensitivity (true positive, stroke participants

identified as impaired) and specificity (true negative, control participants that showed

no impairment).
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Table 4.2: Classification accuracy results of the Fuzzy Neural Network in each cat-
egory. These are the results of the 10-fold validation using training and
test set.

Training Set Test Set
True True Class. True True Class.

Category Positive Negative Accuracy Positive Negative Accuracy
Global 0.84 0.90 0.88 0.87 0.90 0.89
Spatial 0.55 0.81 0.71 0.62 0.81 0.73
Temporal 0.83 0.90 0.87 0.89 0.91 0.88
RH Motor 0.78 0.82 0.79 0.79 0.81 0.78
LH Motor 0.69 0.89 0.79 0.74 0.88 0.82
Bimanual 0.84 0.74 0.76 0.84 0.74 0.78
Coordination 0.87 0.86 0.86 0.92 0.85 0.88
RH Kinematics 0.54 0.93 0.78 0.60 0.93 0.80
LH Kinematics 0.50 0.97 0.78 0.58 0.96 0.79
Overall 0.81 0.97 0.91 0.86 0.97 0.92

4.3 Application of the Fuzzy Neural Network

The developed FNN can be extended by developing additional rules to target specific

conditions.

4.3.1 Visuospatial Neglect

Results presented in Section 3.2.4 illustrated that participants with visuospatial ne-

glect showed an unusual pattern in terms of Hand Bias and Spatial Bias (Feature 3.15

A). These participants showed either positive Hand Bias and Hand Transition above

the control range; or low Hand Bias and Hand Transition, lower than the control

range. Based on these results, an additional rule was added to the FNN to provide a

score for the presence of visuospatial neglect. The rule can be expressed linguistically

as follows:
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IF (Hand Bias is high AND Hand Transition is high) OR

(Hand Bias is low AND Hand Transition is low)

THEN participant has visuospatial neglect impairment

It is important to note, that this rule identifies only participants that show the

same pattern of performance as the LA exemplar participant presented in Section 3.2.3

and fall into the upper-right or lower-left quadrant in Feature 3.15 A. Based on the

results shown in the Feature, not all participants with clinically diagnosed presence

of visuospatial neglect (BIT <130) showed this pattern.

4.3.2 Object Hit Task Performance Report

It has been shown so far that the developed FNN can be used to identify an im-

pairment. Alternatively, it can be used to generate a graded performance report.

Once the FNN is trained, a performance report can be created for any participant

performing Object Hit task and consequently, can be used to aid in the assessment

of neurological impairments.

Figures 4.3, 4.4, and 4.5 show the performance report for the three exemplar par-

ticipants presented in Section 3.2.3. At the top of each report, the performance grid,

the hand-movement trajectories, spatial and hand bias scores are shown. The main

part of the report shows the level of impaired performance in each category between

0 to 1. The report also has an overall score, reflecting the combined performance in

all categories. The rule described above for visuospatial neglect was used to identify

presence of the condition.

The colour aids in the interpretation of the results, showing green for good per-

formance and as the performance gets worse, the colours change to higher intensity
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of red. This way, the more red is visible on the report, the more impairments were

identified in the performance of the participant.

The control participant’s report shows no presence of impairment in any of the

categories. The RA stroke participant shows high impairment in almost all categories,

except for the hand motor and joint kinematics of the non-affected hand/limb. The

LA stroke participant, on the other hand, shows high level of impairment in all

categories except for the limb kinematics. All three reports correspond well to the

exemplar results presented in Section 3.2.3.

4.4 Summary

This chapter presented a Fuzzy Neural Network (FNN) that can identify impaired

performance in the Object Hit task with high accuracy. The FNN can generate

outputs for each individual feature, or one output by combining all features, or one

output in each category by combining features in each category. When each feature

is used to produce an output, the output can be used to measure the strength of

each feature to identify impaired performance. This way, the FNN can be used in

the evaluation of each feature similar to the Impaired Performance analysis (Section

3.1.3). Finally, the developed network can also be used to facilitate a grading system of

performance on a 0 − 1 scale. A grade closer to 1 indicates a high level of impairment,

whereas a grade closer to 0 would suggest little or no impairment. The report format

is preliminary, and user-studies and further work must be done to develop a final

version. The reports can potentially be used by clinicians in the assessment of stroke

patients, and in the design of a rehabilitation program for recovery.
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Figure 4.3: Performance Report for the control participant showing the performance
grid (top left), hand movement trajectories, hand bias and hand transition
scores (top right), and the level of impairment in different categories on
the 0−1 scale.
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Figure 4.4: Performance report for right-side affected participant showing the perfor-
mance grid (top left), hand movement trajectories, hand bias and hand
transition scores (top right), and the level of impairment in different cat-
egories on the 0−1 scale.
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Figure 4.5: Performance report for the left-side affected participant showing the per-
formance grid (top left), hand movement trajectories, hand bias and hand
transition scores (top right), and the level of impairment in different cat-
egories on the 0−1 scale.
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Chapter 5

Feature and Task Analysis

The previous chapters described tools for analysis of a robotic task. This chapter

presents a theoretical framework for feature and task analysis that can be used for

intra-feature analysis within a task or inter-feature analysis across two or more tasks.

The framework encompasses similarities and differences between features in a given

experiment in terms of feature information. The intra-feature comparison shows

if a feature has more information than other features and can be used to identify

redundant features. The inter-feature analysis can be used to compare different tasks

and to identify redundancy. Removing redundant tasks will reduce the number of

tasks in an experiment and, consequently, reduce the amount of time it takes to

perform the experiment.

A feature-level analysis determines what information a feature holds over the

population. For example, in a performance task, a feature can represent a certain

aspect of performance or behaviour. Studying how this feature performs with respect

to the population can show if different sub-populations perform or behave differently

in the task. In addition, feature analysis can suggest how each feature contributes to

the overall performance of the task and can be used for task comparison.
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In this thesis, the framework is used to compare the Object Hit (OH) and the

Object Hit and Avoid (OHA) task. Before describing the framework, the OHA task

and its features are presented in the following section.

5.1 Object Hit and Avoid Task

This section describes the OHA task and the analysis that was done on the task

roughly following the framework for task analysis presented in Chapter 3. The section

provides an overview of the OHA task and describes the features that were adopted

from the OH task and the new features that were developed specifically for the OHA

task.

5.1.1 Task Description

The OHA task is similar to the OH task. The main difference is that there are

different types of objects present on the screen during the OHA task, not only balls.

The participants are instructed to hit only two types of objects (targets) and avoid

all other objects (distracters). The objective of the task is to hit as many targets

and avoid all distracters. The OHA task is more demanding than the OH task in the

sense that it requires more attention, inhibition, memory and rapid motor selection.

However, it does involve less movement because the participants must be careful not

to hit the distracters.

The KINARM set up is identical to the previously described set up. Similar to

the OH task, the participants are instructed to use both hands, represented as 5 cm

wide green paddles. The two targets are presented at the beginning of the task and

the participant is instructed to memorize them.
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Table 5.1 shows all possible objects and their size that can appear on the screen.

All objects have a red colour. There are six possible combinations of targets (Ta-

ble 5.2), and for each participant the set of targets is selected at random. The target

combinations always consist of a short/small and a tall object of different shape (e.g.

a small circle and a tall triangle). This insures that participants must remember the

shape and size of both targets and not just their general size or shape. Distracters are

all of the objects in the Table 5.1 except for the two objects in the target combination

randomly selected for the participant.

Identical to the OH task, participants are instructed to hit the targets away from

the body. A valid hit occurs when a participant hits the target with a paddle and the

target leaves the display area either at the top or on the sides. The “look and feel” in

terms of user-interaction when hitting the targets is identical to the OH task. When

a distracter is hit, it passes through the paddle and continues to fall down, and no

force feedback is generated. This provides immediate and continuous feedback to the

participant that the hit object was a distracter and not a target.

The appearance of all objects on the screen, their initial speed, the bin selection

and the increase in the task difficulty is the same as in the OH task. A total of

300 objects are released in just over 2 minutes, 200 of them are targets and 100 are

distracters. Each bin consists of 20 targets and 10 distracters that are released in

random order. The selection of distracters and targets for each bin is random.

5.1.2 OHA Task Features

The same 21 features that were selected for the OH task were adopted for the OHA

task. The feature calculations were slightly modified to accommodate the change
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Table 5.1: Objects of the Object Hit and Avoid task. There are 8 possible objects
that can appear on the screen for the Object Hit and Avoid task. All
objects have a red colour. There are 3 short objects (circle, triangle and
square) and 5 tall objects (tall ellipse, flat-tall ellipse, tall triangle, tall
rectangle and flat-tall rectangle). The table shows the size in centimeters
for each object. For circle and ellipse the size of the radius(es) is shown.

N Description
Width(cm) Height(cm)

Figure
(radius) (radius)

1 circle 1 na

2 triangle 2 2

3 square 2 2

4 tall ellipse 0.75 2

5 flat ellipse 2 0.75

6 tall triangle 1.5 4

7 tall rectangle 1.5 4

8 flat rectangle 4 1.5

in the task. The features that used the successful hits in their computation (Hit

Percentage, Hand Transition, Hits per Second, Area Under Curve M1, Median Error,

Time Difference, Hand Distance, Hand Bias Hits, Number of Hand Switches, Time

Difference Weighted), were modified to use the successful hits of the targets only. The

Hand Speed, Hand Speed Bias and all kinematics features were computed the same

way as for the OH task, no modifications were necessary.

Six additional features were developed to capture the different aspect of the OHA
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Table 5.2: Six possible combinations of targets of the Object Hit and Avoid task.
Each combinations consists of a short (or small) and tall object of different
shape. Distracter are the objects in the Table 5.1 except for the two objects
in a given target combination.

Combination Description Figure

1
circle
tall rectangle

2
triangle
tall ellipse

3
square
tall triangle

4
circle
tall triangle

5
triangle
tall rectangle

6
square
tall ellipse

task.

A Global Performance

There are two targets in the Object Hit and Avoid task, one short (or small)

target and one tall target. The following two features are the hit percentages

for each target.

Hit Percentage T1: the hit percentage of the small targets

Hit Percentage T2: the hit percentage of the tall targets

Distracter Hit Percentage: captures how many distracters were hit by the

participant. It is the number of distracters hit as a percentage of total number

of distracters.

B Memory Performance
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The OHA task requires a participant to remember the size and shape of two

target objects throughout the task. Pertzov et.al. [107] identified that patients

with medial temporal lobe damage showed an impaired “binding mechanism”,

where they could not distinguish between various properties of multiple objects

held in the short-term memory. In their multiple-item, short-term memory

experiment patients with medial temporal lobe damage tended to report prop-

erties of other objects held in the short-term memory instead of the properties

of the currently tested object (these referred to as “swap errors”).

Based on this finding, new features were developed for the OHA task that

counted two different types of “swap errors”. The swap error of the first-type

was counted when a participant hit a distracter that had the same shape but

different size as one of the targets. The second-type of swap error was counted

when a participant hit a flat distracter (ellipse or a rectangle) that had the same

or similar shape as one of the targets. Table 5.3 shows the two types of swap

errors for each of the target combinations.A high number of swap errors could

indicate that the participant either did not follow or understand instructions or

had some short-term memory or other cognitive impairments.

Swap Error Type 1 ST captures the first-type swap errors for the small

target. It is computed by counting the number of short targets that were

“swapped” for a tall target as a percentage of total number of short targets.

Swap Error Type 1 TT captures the first-type swap errors for the tall target.

It is computed by counting the number of tall targets that were “swapped” for

a short target as a percentage of total number of tall targets.

Swap Error Type 2 captures the second-type swap errors. It is computed by
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Table 5.3: Possible Swap Errors for each of the target combinations for Object Hit
and Avoid task.

Target Swap Error
Combination Type 1 − ST Type 1 − TT Type 2

counting the number second-type swap errors as a percentage of total number

of all targets.

5.1.3 Control Participants Data

The data for the OHA task was collected using the same methods as described in Sec-

tion 3.1. For the comparison analysis a subset of control participants that performed

both tasks (OH and OHA) on the same or a few days apart were selected. This set

consisted of 206 control participants with the age ranging from 21-89 years (Table 5.4).

There was no significant difference between the age distributions of male (n=94) and

female (n=112) participants (Wilcoxon rank sum test, p>0.05). Most of the con-

trol participants were right-hand dominant. Nine participants had mixed handedness

with positive Modified Edinburgh Handedness Inventory score, and therefore were
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categorized as right-handed.

Table 5.4: Demographic Data for the task comparison analysis showing age and gen-
der distribution.

Control Participants Stroke Participants
Age Mean Gender Handedness Mean Gender Handedness
Group Age (M/F) (R/L/A) Age (M/F) (R/L/A)
20-29 24.5 12/16 28/0/0 25.0 1/0 1/0/0
30-39 34.0 12/13 24/0/1 35.0 1/2 2/0/0
40-49 44.7 12/23 34/0/1 44.4 9/5 11/0/0
50-59 55.0 13/17 28/0/2 56.7 17/4 19/0/2
60-69 64.0 23/23 43/0/3 64.6 28/7 30/0/1
70-79 74.0 17/16 31/0/2 74.7 10/11 19/0/0
80-89 85.1 5/4 9/0/0 84.1 8/9 17/0/0
Total 52.9 94/112 197/0/9 65.0 68/34 99/0/3

Abbreviations: M/F, male/female; R/L/A, right/left/ambidextrous;

5.1.4 Stroke Participants Data

Table 5.5 shows the demographic and clinical data from 102 stroke participants (65

left- and 37 right-affected) that performed OHA and OH task on the same or a few

days apart. The median was reported for age, days since stroke and clinical scores

because of the non-normal distribution of the data. The majority of the participants

with stroke had ischemic stroke (91%). There were significant differences in distri-

butions between the affected and non-affected Chedoke hand scores (Wilcoxon rank

sum test, p<0.01), Chedoke arm scores (p<0.01), Ashworth scores (p<0.01) and Pur-

due Pegboard scores(p<0.01). There were no significant differences in distributions

between left- and right-affected participants (Wilcoxon rank sum test) on the FIM

(cognitive, p=0.5; motor, p=0.9), MoCA (p=0.9) and BIT (p=0.02) scores. Seven-

teen out of 102 participants with stroke had visuospatial neglect (BIT score <130, 16
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Table 5.6: Number of participants in each target combination group

Target Combination
1 2 3 4 5 6

Controls % 17 14 17 17 16 21
Stroke LA % 16 15 13 18 18 21
Stroke RA % 18 13 20 16 16 18

left- and 1 right-side-affected).

The OHA features were validated by computing the correlation between each

feature result and the clinical scores. Similar to the results for the OH task, there were

significant correlations between most of the clinical scores (results are not shown).

In the OHA task there are 6 target combination types. One combination type is

selected at random for each participant. Table 5.6 shows the percentage of control

and stroke participants in each combination group. N-way ANOVA statistical analysis

was performed to identify if there were differences in performance among the control

participants for different combination groups. A one-way ANOVA was performed for

normally distributed data with equal variance or the Kruskal-Wallis test otherwise.

All but one feature (Swap Err. T1 ST, Kruskal-Wallis test, p-val = 0.0016) showed

no significant differences in mean between performances among different target com-

bination groups. Further analysis and investigation should be performed to identify

why the ANOVA test failed for this feature.

5.1.5 Statistical Analysis of the Control Data

Table 5.7 shows the age and gender analysis results of the OHA task data. The

normative statistics in terms of percentiles (2.5, 5, 50, 95, 97.5) show the range of

performance for healthy participants for these features. The regression values reflect
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the impact of age and the corresponding percentile values reflect the residuals that

are added to the regression to identify percentile performance (on how to compute a

percentile value for a given participant please see Equation 3.4).

The regression analysis showed that the same features that had age dependence for

the OH task also showed significant regression fit for the OHA task results (Table 5.7).

Among the OHA task-specific features the analysis identified 2 features that were

affected by a participant’s age: Hit percentage of small targets and hit percentage of

tall targets (figures are presented in AppendixC).

Statistical analysis was also performed on the OHA task results to identify possible

influences of sex. None of the OHA task-specific features showed significant difference

in distributions between male and female groups. Among features that are common

in OH and OHA task, only Time Difference LH and DTW Acceleration RH showed

significant difference in distributions between male and female groups (two-sample

Kolmogorov-Smirnov test, p < 0.01). All other features that previously had shown

effect of sex for the OH data (see Table 3.5), did not show any significant differences

for the OHA task results.

To identify whether this difference was due to difference in performance between

OH and OHA task or due to the fact that a smaller subset of original data was

used, a statistical analysis was performed on OH results using the same data that

was used to generate OHA task results. The analysis showed that for the Area Under

Curve M1 and Weighted Time Difference features there were no significant differences

between male and female distribution results in both tasks. The rest of the features

that originally showed effect of sex in the OH task, also showed effect of sex in the

OH task using the smaller subset of data. This means that for this features there
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Table 5.7: Model fits and percentiles for the Object Hit and Avoid task. Percentiles
display the range of performance for healthy participants.

Percentiles (%)
Feature Transf. Slope Intcpt. 2.5 5 50 95 97.5

Gender Independent

Hit Percentage 86.18 -0.35 -16.15 -14.18 0.22 13.08 15.22
Hand Transition 4.00 4.10 4.80 5.30 5.54
Hits per Sec. 0.65 0.70 0.99 1.22 1.25
AUC M1

√
x 32.76 2.18 -108.43 -94.39 1.67 122.77 142.46

Median Error 74.64 -0.12 -11.38 -8.88 0.28 8.06 10.89
Hand Speed RH 0.07 0.09 0.16 0.25 0.27
Hand Speed LH 0.07 0.08 0.16 0.24 0.25
Hand Dist. RH 0.10 0.11 0.14 0.17 0.17
Hand Dist. LH 0.09 0.10 0.13 0.16 0.17
Time Diff. RH 210.00 222.80 287.50 439.80 478.90
Speed Bias -0.15 -0.13 0.01 0.15 0.17
Hand Bias -0.14 -0.10 0.05 0.18 0.20
Num of HSs 98.10 -0.41 -22.06 -19.24 0.18 16.88 20.20
Time Diff. W. 367.29 381.98 539.42 881.94 983.33
Sh. Acc. Inc. RH 0.00 0.01 0.07 0.17 0.20
Sh. Acc. Inc. LH 0.00 0.01 0.07 0.15 0.16
Elbow Acc. RH 1.20 1.33 2.67 5.53 6.05
Elbow Acc. LH 1.15 1.28 2.54 4.71 5.12
DTW Acc. LH 0.22 0.23 0.34 0.45 0.48
Hit Percentage ST. 85.19 -0.37 -20.45 -14.45 0.46 13.71 15.30
Hit Percentage TT. x2 7393 -45.87 -2519 -2253 47 2269 2587
Hit Percentage D. 4 4 20 50 59
Swap Err. T1 ST. 0.0 5.0 18.8 50.0 57.1
Swap Err. T1 TT. 0.0 0.0 18.8 42.9 52.4
Swap Err. T2 0.0 0.0 12.5 44.5 51.0

Gender Dependent - Male

Time Diff. LH 209.55 214.80 306.50 495.00 585.70
DTW Acc. RH 0.22 0.23 0.36 0.45 0.47

Gender Dependent - Female

Time Diff. LH 242.25 246.55 334.25 487.25 522.55
DTW Acc. RH 0.21 0.22 0.33 0.44 0.46

Abbreviations: Intcpt., Intercept; Transf., Transform; RH, Right Hand; LH, Left Hand; Sh. Acc.Inc.,

Shoulder Acceleration Increase; Acc., Acceleration; DTW, Dynamic Time Warping; Sec., second;

AUC, Area Under Curve; Time Diff., Time Difference; HSs, Hand Switches; Time Diff. W., Time

Difference Weighted; ST, Small Target; TT, Tall Target; D. Distracter; Err., Error; T1, Type 1;

T2, Type 2
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was difference in performance between OH and OHA task among male and female

populations.

5.1.6 Performance of Individual Participants

This section illustrates how participants performed OH and OHA task using three

exemplar participants. The exemplar participants presented in Section 3.2.3 did not

perform the OHA task; therefore, three different male, right-hand dominant partici-

pants were selected. Table 5.8 shows the demographic data and clinical scores for the

selected participants.

Figures 5.1A and B show the OH and OHA task performance grids for the three

exemplar participants, where targets hit with the right and left hand are shown in red

and blue, respectively, and misses are in white. In the OHA-task grid (Figures 5.1B),

three additional colours were used to mark the avoided distracters (black) and dis-

tracters that were hit with the right (magenta) and left (cyan) hand.

While performing the OH task, the control participant successfully hit most of

the balls (Hit Percentage of 70%), especially at the beginning of the task, when the

task was easy. As the task became more difficult (towards the bottom of the grid),

the participant started to miss balls predominately at the edges of the screen. During

the OHA task, the control participant started missing the targets earlier in the task

(higher AUC M1 and lower median error), missing slightly more of the taller targets

(see Table 5.9), but managed to avoid most of the distracters (Distracter Hit of 26%).

He had a few swap errors, mostly for type 1 for tall targets (24%).

The exemplar stroke participants had a high number of distracter hits during the

OHA task. The RA stroke participant hit the objects mostly with his non-affected,
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Table 5.8: Demographic and Clinical data for selected exemplar participants for the
task comparison analysis.

Exemplar Participants
Measure Left-Affected Right-Affected Control
Age 67 81 72
Gender Male Male Male
Handedness Right Right Right
Type of Stroke Ischemic Ischemic
Stroke location Cortical+Sub-Cortical Sub-Cortical
Days since stroke 22 8
BIT 140 144
MoCA 24 23
FIM cog. intake score 28 33
FIM mot. intake score 87 64
MAS left 0 0
MAS right 0 0
Purdue left 4 8
Purdue right 8 UC
Limb Unaffected Affected Unaffected Affected
CMSAa score 7 6 7 6
CMSAh score 7 3 5 4

Abbreviations: BIT, Behavioural Inattention Test; MoCA, Montreal Cognitive Assessment; FIM,

Functional Independence Measure; MAS, Modified Ashworth Scale; Purdue, Purdue Peg Board Test;

CMSAa, Chedoke−McMaster Stroke Assessment Scale arm; CMSAh, Chedoke−McMaster Stroke

Assessment Scale hand; UC, unable to complete.

left hand during both tasks, while the affected arm hardly moved from the location

of the bin 7 (median speed < 0.05 in both tasks). During the OHA task, the RA

stroke participant hit many distracters (Distracter Hit of 60%). A replay of the task

performance revealed that the participant tried to avoid some of the distracters with

his non-affected arm at the beginning of the task. However, about a third of the

way through, he tried to hit every object on the screen. It seems that at this point

the participant was overwhelmed and could no longer remember the shape of the

targets or was no longer able to follow the instructions. In either case, it is valid to
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assume that this change in behaviour was due to some cognitive impairment(s) and

it is reflected in the high percentage of swap errors (Table 5.9).

The LA stroke participant performed the OH task very well, almost as well as

the control participant (Hit Percentage of 68%). However, he had difficulty avoiding

the distracters during the OHA task (hitting 48% of distracters), especially with

the affected arm (Figures 5.1B, cyan rectangles). A replay of the task performance

revealed that the participant had to hit a small triangle and a tall rectangle (target

combination number 5, Table 5.2). He focused on hitting these targets and avoiding

all other distracters except for the tall triangles (62% swap error of type 1 for small

targets). He hit not only the small triangles (targets) but also the tall triangles

(distracters) throughout the task, despite the very different feedback he received

when he hit the small triangle (targets) vs. the tall triangle (distracters). From the

OH and OHA task performances for this participant it is possible that this behaviour

was not due to motor deficits but due to some cognitive impairment.

Table 5.9 presents the results of all features for OH and OHA task for the ex-

emplar participants. Almost all feature values were different between OH and OHA

task. Notably, the exemplar participants made fewer and less frequent hand switches

and made less hits per second. The control and LA participant had decrease in hand

speed, number of hits, median error and elbow acceleration. Based on these obser-

vations, it seems that the overall performance decreased for the OHA task compared

to the OH task performance for the control and the LA participant. However, the

stroke participants still showed different performance and behaviour than the control

participant.
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Table 5.9: Performance of exemplar participants for the Object Hit and Object Hit
and Avoid task.

Control RA LA
# Feature Units OH OHA OH OHA OH OHA

1 Hit Percentage % 70 60 30 41 68 56
2 Hand Transition cm -2.4 -4.8 2.4 1.6 -4.8 -10.4
3 Hits per Second hits/s 1.53 0.87 0.65 0.58 1.51 0.82
4 AUC M1 unita 31759 48508 221013 114913 34032 61315
5 Median Error % 68 60 55 55 69 59
6 Hand Speed RH m/s 0.16 0.09 0.04 0.03 0.24 0.12
7 Hand Speed LH m/s 0.15 0.09 0.30 0.34 0.16 0.06
8 Hand Dist. RH meters 0.14 0.12 0.03 0.05 0.16 0.14
9 Hand Dist. LH meters 0.13 0.10 0.15 0.16 0.12 0.11
10 Time Diff. RH sec 0.93 1.81 4.60 4.10 0.85 1.23
11 Time Diff. LH sec 1.18 1.80 1.61 1.64 1.13 2.31
12 Speed Bias - 0.04 0.05 -0.71 -0.80 0.19 0.27
13 Hand Bias - 0.06 -0.05 -0.40 -0.63 0.18 0.20
14 Num of HSs num 125 77 44 24 109 59
15 Time Diff. W. sec 1.35 3.24 4.04 5.36 1.66 3.54
16 Sh. Acc. Inc. RH rad/s3 0.08 0.06 0.01 0.01 0.12 0.01
17 Sh. Acc. Inc. LH rad/s3 0.08 0.06 0.03 0.15 0.06 0.01
18 Elbow Acc. RH rad/s2 2.33 1.30 0.62 0.60 4.77 2.10
19 Elbow Acc. LH rad/s2 1.96 1.19 5.62 5.88 2.77 1.00
20 DTW Acc. RH rad/s2 0.38 0.36 0.36 0.30 0.36 0.40
21 DTW Acc. LH rad/s2 0.38 0.38 0.41 0.34 0.32 0.41

OHA Task-Specific Features

22 Hit Percentage ST. % 61 36 50
23 Hit Percentage TT. % 59 45 64
24 Hit Percentage D. % 26 60 48
25 Swap Err. T1 ST. % 17 55 62
26 Swap Err. T1 TT. % 24 25 42
27 Swap Err. T2 % 13 36 11

Abbreviations: LA, Left Affected; RA, Right Affected; MI, Mutual Information; IRR, Inter-Rater;

Trans., Transition; Diff., Difference; Dist., Distance; HSs, Hand Switches; Time Diff. W., Time

Difference Weighted; DH, Dominant Hand; NDH, Non-Dominant Hand; Sh. Acc.Inc., Shoulder

Acceleration Increase; Acc., Acceleration; DTW, Dynamic Time Warping; ST, Small Target; TT,

Tall Target; D. Distracter;

unita − cumulated number of misses × time (in time-frames).
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5.1.7 Performance of Stroke vs Control Participants

Tables 5.10 and 5.11 identify the percentage of stroke participants that showed per-

formance above and/or below bounds defined by the healthy population for the OH

and OHA task. The cut-off range specifies the upper and/or lower bound that was

established for each feature in the Impaired Performance analysis (see section 3.1.3

for more details). The results of the analysis for the participants with visuospatial

neglect were examined separately (Tables 5.10 and 5.11, columns 4, 6).

Among the OHA task-specific features, The Hit Percentage for small targets fea-

ture showed the highest percentage of stroke participants that were identified as

impaired through the Impaired Performance analysis (78% of LA and 65% of RA).

Among the swap-error features, the Swap Error Type 2 feature was the most success-

ful in identifying impairments among stroke participants.

Tables 5.10 and 5.11 also show that most of the features in OH task, compared to

the features in the OHA task, identified more stroke participants as different than the

controls. This difference was observed across LA, RA and stroke participants with

visuospatial neglect.

The number of participants that were above and/or below bounds as defined by

the control group for 0 to 21 features for OH and OHA task is shown in Table 5.12.

More than half of the control participants (63% in the OH task and 62% in the OHA

task) were inside the bounds for all the features, with only 6% of control participants

identified as outside the bounds for 5 or more features in the OH and 7% in the

OHA task. Among stroke participants, the OH task results were also slightly better

than the OHA task results. In the OH task 84% of RA and 88% of LA participants

were identified as impaired on 5 or more features. In the OHA task, on the other
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Table 5.10: Group performance for the Object Hit task. Percentages for stroke group
reflect performance above and/or below bounds defined by the healthy
population (defined in column: Cut off range %)

Cut-Off LA % RA %
Feature Range % All (n=65) VN (n=16) All (n=37) VN(n=1)

Global Performance

Hit Percentage <5 83 100 78 100

Spatial Performance

Hand Transition <2.5 >97.5 37 69 41 100

Temporal Changes in Performance

Hits per Second <5 80 100 70 0
Area M1 >95 80 100 70 100
Median Error <5 77 100 65 100

Hand Motor, Right Hand

Hand Speed <5 32 63 62 100
Hand Dist. <5 40 69 62 100
Time Diff. >95 60 88 86 100

Hand Motor, Left Hand

Hand Speed <5 74 94 14 0
Hand Dist. <5 72 88 14 0
Time Diff. >95 83 100 32 0

Bimanual Performance

Speed Bias <2.5 >97.5 63 88 57 100
Hand Bias <2.5 >97.5 71 81 62 100

Hand Coordination

Num of HSs <5 85 100 78 100
Time Diff. W. >95 86 100 70 100

Joint Kinematics, Right Hand

Sh. Acc. Inc. <5 51 63 59 100
Elbow Acc. <5 35 63 59 100
DTW Acc. >95 12 13 22 0

Joint Kinematics, Left Hand

Sh. Acc. Inc. <5 71 88 43 0
Elbow Acc. <5 75 94 14 0
DTW Acc. >95 20 6 5 0

Abbreviations: VN, Visuospatial Neglect; LA, Left Affected; RA, Right Affected; Trans., Transition;

AUC, Area Under Curve; Diff., Difference; Dist., Distance; HSs, Hand Switches; Time Diff. W.,

Time Difference Weighted; DH, Dominant Hand; NDH, Non-Dominant Hand; Sh. Acc.Inc., Shoulder

Acceleration Increase; Acc., Acceleration; DTW, Dynamic Time Warping;
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Table 5.11: Group performance for the Object Hit and Avoid task. Percentages for
stroke group reflect performance above and/or below bounds defined by
the healthy population (defined in column: Cut off range %)

Cut-Off LA % RA %
Feature Range % All (n=65) VN (n=16) All (n=37) VN(n=1)

Global Performance

Hit Percentage <5 77 100 59 0

Spatial Performance

Hand Transition <2.5 >97.5 34 56 30 100

Temporal Changes in Performance

Hits per Second <5 71 100 54 0
AUC M1 >95 75 100 51 100
Median Error <5 46 75 41 0

Hand Motor, Right Hand

Hand Speed <5 26 56 49 100
Hand Dist. <5 40 69 68 100
Time Diff. >95 42 75 76 100

Hand Motor, Left Hand

Hand Speed <5 74 100 11 0
Hand Dist. <5 77 88 16 0
Time Diff. >95 83 94 22 0

Bimanual Performance

Speed Bias <2.5 >97.5 71 88 65 100
Hand Bias <2.5 >97.5 71 75 62 100

Hand Coordination

Num of HSs <5 80 100 59 100
Time Diff. W. >95 60 88 35 0

Joint Kinematics, Right Hand

Sh. Acc. Inc. <5 42 63 43 0
Elbow Acc. <5 26 50 65 100
DTW Acc. >95 22 25 19 100

Joint Kinematics, Left Hand

Sh. Acc. Inc. <5 60 88 14 0
Elbow Acc. <5 72 100 21 0
DTW Acc. >95 23 19 8 0

OHA Task Specific Features

Hit % ST. <5 78 100 65 0
Hit % TT. <5 60 94 38 0
Hit % D. >95 5 6 32 100
S. Err. T1 ST. >95 2 0 0 0
S. Err. T1 TT. >95 9 6 22 100
S. Err. T2 >95 18 19 14 100

Abbreviations: VN, Visuospatial Neglect; LA, Left Affected; RA, Right Affected; Trans., Transition;

AUC, Area Under Curve; Diff., Difference; Dist., Distance; HSs, Hand Switches; Time Diff. W.,

Time Difference Weighted; DH, Dominant Hand; NDH, Non-Dominant Hand; Sh. Acc.Inc., Shoulder

Acceleration Increase; Acc., Acceleration; DTW, Dynamic Time Warping; ST, Small Target; TT,

Tall Target; D. Distracter;
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hand, 78% of RA and 83% of LA participants were identified as impaired on 5 or

more features. All participants with visuospatial neglect were identified as impaired

on 5 or more features in both tasks. However, these participants showed impaired

performance in slightly more features in the OH task than in the OHA task.

A feature-to-feature similarity of the OH and OHA task can be done by comput-

ing the correlation between each feature in OH task to every feature in OHA task.

Table 5.13 shows the correlation results between the 21 features of the OH task to

1) the same 21 features adopted for the OHA task, and 2) the OHA task-specific

features. Almost all of the original OH-task features showed high correlation between

two tasks (with the exception of the Time Difference for the left hand, r = 0.39). This

suggests that there was little difference between the results of OH and OHA task for

these features.

The Hit percentage T1 and T2 features of the OHA task showed high correlation

to some of the OH task features, notably to the Hit Percentage. However, all other

OHA task-specific features showed low correlation to the feature results of the OH

task. This means that these new features are different than the original OH task

features.

In summary, this section described the OHA task, methods for the data analysis

and the development of features, and results of the participants performing OH and

OHA task. The following section presents the framework for feature analysis and

task comparison. The framework is then applied to compare the OH and OHA task

performance results with respect to control and stroke populations.
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Table 5.12: Number of participants that were above and/or below bounds defined by
the healthy population for the Object Hit and Object Hit and Avoid task
for 0-21 features.

OH task OHA task
# Features LA RA LA RA

Failed Control All VN All VN Control All VN All VN
0 129 2 0 5 0 121 3 0 3 0
1 29 1 0 0 0 35 2 0 1 0
2 19 1 0 1 0 24 2 0 2 0
3 12 1 0 0 0 8 3 0 1 0
4 4 3 0 0 0 4 1 0 1 0
5 3 2 0 0 0 2 1 0 2 0
6 1 1 0 0 0 6 0 0 2 0
7 0 0 0 2 0 1 0 0 2 0
8 1 1 0 5 0 1 3 0 0 0
9 3 1 0 0 0 0 4 0 5 0
10 1 1 0 2 0 1 3 0 4 1
11 3 5 1 3 0 0 6 2 2 0
12 0 4 0 1 0 1 3 0 2 0
13 0 3 1 2 1 2 4 1 2 0
14 1 9 1 4 0 0 8 1 4 0
15 0 5 2 5 0 0 3 1 1 0
16 0 8 1 5 0 0 3 2 2 0
17 0 6 2 1 0 0 4 2 1 0
18 0 6 4 0 0 0 10 6 0 0
19 0 5 4 1 0 0 2 1 0 0
20 0 0 0 0 0 0 0 0 0 0
21 0 0 0 0 0 0 0 0 0 0

total 206 65 16 37 1 206 65 16 37 1

Abbreviations: OH, Object Hit; OHA, Object Hit and Avoid; VN, Visuospatial Neglect; LA, Left

Affected; RA, Right Affected;
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Table 5.13: Feature-to-Feature Correlation between Object Hit and Object Hit and
Avoid task. The first column shows the one-to-one correlation between
the 21 of the OH task features to the same features adopted for the OHA
task. The rest of the collumns show the correlation between the OH task
features and the OHA task-specific features.

1−to−1
Hit % Hit % Hit % Swap Err Swap Err Swap Err
ST. TT. D. T1 ST. T1 TT. T2

Hit Percentage 0.91 0.89 0.88 -0.23 -0.14 -0.17 -0.43
Hand Transition 0.71 -0.21 -0.22 0.03 0.05 0.07 0.11
Hits per Second 0.91 0.89 0.88 -0.23 -0.15 -0.18 -0.43
Area M1 0.89 -0.85 -0.85 0.16 0.12 0.15 0.41
Median Error 0.71 0.83 0.82 -0.22 -0.15 -0.16 -0.43
Hand Speed RH 0.66 0.38 0.37 0.10 0.11 -0.02 -0.04
Hand Speed LH 0.77 0.48 0.48 0.13 0.13 0.06 -0.11
Hand Dist. RH 0.78 0.58 0.60 -0.11 -0.08 -0.13 -0.27
Hand Dist. LH 0.79 0.58 0.57 -0.03 0.02 -0.03 -0.25
Time Diff. RH 0.79 -0.62 -0.61 0.19 0.16 0.22 0.34
Time Diff. LH 0.39 -0.35 -0.38 0.01 0.04 0.07 0.08
Speed Bias 0.89 -0.24 -0.25 -0.08 -0.07 -0.09 0.04
Hand Bias 0.85 -0.23 -0.24 -0.04 -0.03 -0.08 0.03
Num of HSs 0.89 0.85 0.85 -0.20 -0.14 -0.16 -0.40
Time Diff. W. 0.71 -0.74 -0.73 0.11 0.10 0.09 0.33
Sh. Acc. Inc. RH 0.67 0.53 0.51 -0.05 0.04 -0.06 -0.19
Sh. Acc. Inc. LH 0.68 0.60 0.59 -0.04 0.01 -0.05 -0.22
Elbow Acc. RH 0.72 0.29 0.28 0.11 0.09 -0.01 0.00
Elbow Acc. LH 0.75 0.40 0.40 0.13 0.11 0.04 -0.08
DTW Acc. RH 0.74 -0.03 -0.02 -0.13 -0.05 -0.07 -0.05
DTW Acc. LH 0.74 0.03 0.06 -0.08 -0.02 0.01 -0.06

Abbreviations: LA, Left Affected; RA, Right Affected; IRR, Inter-Rater; Trans., Transition; AUC,

Area Under Curve; Diff., Difference; Dist., Distance; HSs, Hand Switches; Time Diff. W., Time

Difference Weighted; DH, Dominant Hand; NDH, Non-Dominant Hand; Sh. Acc.Inc., Shoulder

Acceleration Increase; Acc., Acceleration; DTW, Dynamic Time Warping; ST, Small Target; TT,

Tall Target; D. Distracter;
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5.2 Framework for Feature Analysis and Task Comparison

The main assumption of the proposed framework for feature analysis and task com-

parison is that each task in an experiment produces data that can be viewed as

information for the task. In general, an experiment is carried out in order to find

answers to a set of questions about a population. For example, in this research the

population set consists of human participants and the general question of the exper-

iment is to find how these participants perform in different tasks. More specifically,

we would like to identify differences in performance between control participants with

no known neurological impairments and the participants with stroke.

General Definitions

An experiment consists of a population set and a set of tasks. Each task has a

corresponding set of features. Given an item of the population, each feature gives a

value that is used to classify or “label” an element of the population.

Definition 1: Experiment

An experiment E can be defined as a tuple E = ⟨P, T, F, L⟩, where

P is a population set P = {p1, p2, . . . , pm},

T is a set of tasks T = {t1, t2, . . . , tn},

F is a set of all possible features in the experiment F = {f1, f2, . . . , fr},

L is a set of class-labels L= {l1, l2, . . . , lq}.

In addition, the experiment E has the following properties:
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1. Each task ti has an associated population set Pi ⊆ P , such that P = P1 ∪P2 ∪

. . . ∪ Pn, where Pi is the population set of task ti.

2. Each task ti has an associated features set Fi ⊆ F .

3. Each feature fi ∈ F has a set of possible feature values Vi = {vi1, vi2, . . . , vik}.

Given an item of the population pj ∈ P a feature fi maps an element from the

population set to a feature value:

fi(pj) = vij, vij ∈ Vi.

In order to analyze a feature, we introduce two functions: label and class. The

label function assumes we know the correct classification for all elements of the pop-

ulation. The class function is determined by applying a classification to the value

determined by the individual features.

Definition 2: Label Function

Assume E = ⟨P, T, F, L⟩. A label function maps the population to the set of correct

labels for the experiment:

For all pi ∈ P , label(pi) = lk, where lk ∈ L is the correct label for population

item pi.

Definition 3: Class Function

Assume E = ⟨P, T, F, L⟩. A class function maps feature mapping fi(pj) to a label:

For all fi ∈ F , pj ∈ P , in task t ∈ T , class(fi(pj)) = lk, for some lk ∈ L.

To illustrate the framework, consider the “Stroke Assessment” experiment E =

⟨P, T, F, L⟩. The set T currently consists of six tasks: T = {t1, t2, . . . , t6}, namely Vi-

sually Guided Reaching task for both arms(t1), Position Matching(t2), Trail Making(t3),
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Kinesthetic Matching(t4), Object Hit(t5), and Object Hit and Avoid(t6)(see Sec-

tion 2.3.5). The population set P consists of all participants who performed any

of the six tasks. For example the Object Hit task t5 has an associated population set

P5 that consists of all participants that performed the task. The set F of all possible

features in the experiment consists of all the features that were developed for each of

the six tasks. Finally, the class-label set L = {Control, Stroke}, and, consequently,

the set P = PControl∪PStroke, where PControl and PStroke are all the control and stroke

participants who performed the Object Hit task. Alternatively, the class-label could

be L = {Control, Right-side Affected (RA) Stroke, Left-side Affected (LA) Stroke}

and P = PControl ∪ PRAStroke ∪ PLAStroke.

As stated earlier, each task ti has an associated set of features Fi ⊆ F . The

Object Hit task, t5, has 21 features (see Chapter 3): F5 = {f5,1, f5,2, . . . , f5,21}. Each

of these features has a range of values that it can take (the feature values set). For

example, the feature value set for the Hit Percentage feature consists of all integer

values between 0 and 100.

Feature Analysis

Intra- and inter-feature analysis can be done by comparing the feature classification

of each feature. The feature-to-feature similarity can be achieved through various

similarity measures. The comparison results can be used to identify similar, and

therefore, redundant features or it can be used to measure similarity between a group

of features by combining the similarity matrix in a meaningful way, for instance, by

computing an average. Alternatively, features can be compared by performing various

statistical analyses on the data distribution of each feature.
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This approach can tell us how features within a task or between tasks are similar or

different. However, a different approach is required in order to compare how features

represent the underlying population P in terms of their class-label. In this case, we

use the information in the feature values regarding the population P .

Feature Information

In order to compare features with respect to the class-labels, we need to define feature

information. Feature information can be viewed as a measurement of how well a

feature represents individual items in the population. It measures the ability of a

feature to differentiate the population sets P with respect to its correct class label.

Therefore, any approach that quantifies the degree of separation between different

populations can be used to compute the feature information.

For example, feature information can be extracted by calculating the mutual infor-

mation between each feature value and the class-label of the population P . Another

way to extract feature information is by computing the number of stroke partici-

pants that fall out of the 5−95% range of the control population plus the number of

control participants that stay within the range of the control population divided by

the total number of stroke and control participants (this method is described in the

Impaired Performance analysis, Section 3.1.3). Alternatively, the classification result

of the FNN described in Chapter 4 can be computed using each feature separately to

characterize the feature information.

When a classification technique, such as Impaired Performance analysis or FNN,

is used to represent the feature information, the feature information is defined as the

subset of the population that was correctly classified by a feature. This approach also
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allows us to compute feature information for each subpopulation as defined by the

class-label. This is the approach we will use for the remainder of the chapter.

Definition 4: Feature Information

Assume E = ⟨P, T, F, L⟩. The feature information for a feature f ∈ F in task t ∈ T is

a mapping from the population P and feature f to subset P ⊆ P that were correctly

classified by the feature f :

P = {p|p ∈ P ∧ class(f(p)) = label(p)}, for all f ∈ F .

The feature information can be used to compare different features. A feature that

has more feature information relative to other features provides a greater degree of

separation between different populations under the study. We say that a feature fi

has more information than feature fj if the set of correctly labeled population items

for fi is a superset (or the same) as the set for feature fj.

Definition 5: Feature Subsumption

Assume E = ⟨P, T, F, L⟩. Let Pi be the feature information for feature fi and Pj be

the feature information for feature fj.

If Pi ⊇ Pj, then we say that feature fi subsumes feature fj, denoted as

fi ≽ fj .

Definition 6: Degree of Feature Subsumption

Assume E = ⟨P, T, F, L⟩. Let Pi be the feature information for feature fi and Pj

be the feature information for feature fj such that fi ≽ fj. The degree to which a



5.2. FRAMEWORK FOR FEATURE ANALYSIS AND TASK
COMPARISON 147

feature fi subsumes feature fj is the cardinality of set Pi minus the cardinality of set

Pj, divided by the cardinality of the population set P :

Degree(fi, fj) =
|Pi| − |Pj|

|P | .

Definition 7: Feature Uniqueness

Assume E = ⟨P, T, F, L⟩. A feature fik ∈ Fi is unique with respect to task ti ∈ T if

there is no feature fim ∈ Fi,m ̸= k that subsumes feature fik.

For example, let P1 = {p1, p3, p4} for the feature f1, P2 = {p2, p3} for the feature

f2, and P3 = {p1, p4} for a feature f3, where P = {p1, p2, p3, p4}. Then f1 ≽ f3 with

a degree of 0.25. If f1, f2 and f3 are the only features in the task, then features f1

and f2 are unique.

Definitions 5-7 allow us to compare features fi and fj within a task or across

different tasks by looking at the population items that were correctly classified by

feature fi and population items that were correctly classified by a feature fj. The

feature information can be used to identify if a feature f is more powerful in classifying

the underlying population than other features by looking at feature uniqueness. In

addition, feature information can identify if a feature fi classified correctly some items

in the population that feature fj did not, notably, when fi ≽ fj but fj � fi.

Alternatively, this approach can be used to identify if features fi and fj target the

same or different sub-populations. When feature fi does not subsume fj (fi � fj)

and vice versa (fj � fi), then there is at least one item in the population P that was

incorrectly classified by the feature fi and correctly classified by a feature fj, and

vice versa (note that sets Pi and Pj are not empty). When features fi and fj belong
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to different tasks and are comparable (for example if they measure the same type of

performance or behaviour), the analysis can reveal task differences with respect to

the performance or behaviour.

Task Analysis

Task comparison between two tasks ti and tj can be done across different population

sets Pi and Pj, i ̸= j. However, to eliminate the possibility that different population

sets influence the comparison results, it would be wise to compare features derived

using the same population set (Pi = Pj, for task ti and tj). Therefore, from here on,

we will assume that each task ti has the same population set P .

A task comparison analysis can be used to evaluate the overall task performance

by comparing the feature information and the degree of information of features from

different tasks. The inter-feature population analysis can establish if there exists an

item in the population P that was incorrectly classified by all features in one task,

but was correctly classified by at least one feature in another task. In addition,

task redundancy can be identified by comparing how many features in one task are

subsumed by features in another task and which features in one task are unique with

respect to the features in the other task.

The following definition allows us to compare two tasks relative to their individual

features. A task t1 can be said to subsume task t2, if all of the features in task t2 are

subsumed by at least one feature in task t1.

Definition 8: Task Subsumption

Assume E = ⟨P, T, F, L⟩.
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If for all fjm ∈ Fi for task tj ∈ T there exists fik ∈ Fi for task ti ∈ T such that

fik ≽ fjm,

then we say that task ti subsumes task tj, denoted as ti ⊒ tj .

When ti ⊒ tj the task tj is redundant with respect to the population for the

study, and therefore, can be removed from the experiment. However, if task ti does

not subsume task tj and vice versa, then there is at least one item in the population P

that was identified correctly by one task but not the other. This means that the two

tasks may be targeting different population groups and capture different information

about the population under the study.

5.3 Object Hit and Object Hit and Avoid Task Comparison

In this section the Framework for Feature Analysis and Task Comparison is ap-

plied to compare the OH and OHA tasks. For the analysis, the population set

P = {p1, p2, . . . , p308} consists of control and stroke participants that performed

both tasks. The tasks set T = {t1, t2} includes the OH (t1) and OHA (t2) task;

the feature set F1 = {f1,1, f1,2, . . . , f1,21} has 21 selected features and feature set

F2 = {f2,1, f2,2, . . . , f2,27} consists of corresponding 21 features plus 6 OHA task-

specific features. The class-label L = {Control, Impaired}.

To conform with the standard approach used in our research group, the feature

information was computed by calculating the number of participants that fell out of

the normative range (see the Impaired Performance analysis in Section 3.1.3). Using

this approach the class function (Definition 3) assigns a Control class label to any

participant that was inside the normative range and a Impaired class label to any
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participant that fell out of the normative range. The feature information can be then

computed using a subpopulation (for example only RA stroke participants) or using

entire population. In the following sections, the feature information was computed

using Control, RA stroke and LA stroke participant sub-populations.

Intra-Feature Subsumption Analysis

The intra-feature subsumption analysis was performed using results of the OHA task.

For the control population there was no intra-feature subsumption. This means that

all features were unique and didn’t show redundancy with respect to the classification

of the control population.

Tables 5.14 and 5.15 show the intra-feature degree of subsumption results for the

RA and LA stroke population, respectively. In these and the following tables, a value

x in row i, column j denotes x = degree(fi, fj) when fi ≽ fj (Definition 6), and an

empty cell corresponds to fi � fj.

The tables identify unique features and features with less information than oth-

ers. Among RA stroke population, feature 25 (Swap Error for Small Targets, see

Nomenclature for feature-numbering) was subsumed by all other features in the task

and, therefore is redundant with respect to the RA stroke population. However, the

feature was only partly subsumed among the LA stroke population. Moreover, the

features that showed relatively high number of subsumption in the RA population

(features 2, 19, 17) were not the same as in the LA population (features 6, 18, 24).

This suggests, that these features are more successful in identifying impairments in

one population group than the other.
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Table 5.14: Feature comparison results showing the degree of intra-features subsump-
tion for the OHA task computed using the right-side affected stroke
population. See text for details. The feature-numbering translation are
provided in the Nomenclature.

OHA Task Features

O
H
A

T
a
sk

F
ea

tu
re
s
S
u
b
su

m
e

# 1 2 3 4 5 6 7 8 9 10 11 12 13 14

1 0
2 0
3 0 0.32
4 0
5 0
6 0
7 0
8 0.38 0 0.54
9 0
10 0.46 0.27 0.62 0
11 0
12 0.35 0.51 0
13 0.32 0
14 0.46 0
15
16
17
18 0.35 0.16
19
20
21
22 0.05 0.11 0.43
23
24
25
26
27

14 15 16 17 18 19 20 21 22 23 24 25 26 27

1 0.59
2 0.30
3 0.41 0.54
4 0.38 0.51
5 0.41
6 0.49
7 0.24
8 0.32 0.54 0.68
9 0.14
10 0.32 0.62 0.38 0.76
11 0.22
12 0.65
13 0.62
14 0 0.59
15 0 0.35
16 0 0.43
17 0 0.14
18 0 0.65
19 0 0.22
20 0 0.19
21 0 0.08
22 0.30 0.51 0 0.65
23 0 0.38
24 0 0.32 0.11 0.19
25 0
26 0.22 0
27 0.14 0

Abbreviations: RA, Right Affected; OHA, Object Hit and Avoid;
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Table 5.15: Feature comparison results showing the degree of intra-features subsump-
tion for the OHA task computed using the left-side affected stroke
population. See text for details. The feature-numbering translation are
provided in the Nomenclature.

OHA Task Features

O
H
A

T
a
sk

F
ea

tu
re
s
S
u
b
su

m
e

# 1 2 3 4 5 6 7 8 9 10 11 12 13 14

1 0 0.06 0.31 0.51 0.35
2 0
3 0 0.45 0.29
4 0 0.29 0.49
5 0
6 0
7 0.46 0
8 0
9 0
10 0
11 0.08 0
12 0
13 0
14 0.34 0.54 0
15
16
17
18
19 0.46
20
21
22 0.02 0.08 0.03 0.32 0.52 0.37
23 0.34
24
25
26
27

14 15 16 17 18 19 20 21 22 23 24 25 26 27

1 0.17 0.51 0.72 0.58
2
3 0.11 0.45 0.66
4 0.15 0.49 0.71
5
6
7 0.46 0.71
8
9
10
11 0.23 0.78 0.65
12 0.66 0.69
13 0.66 0.69
14 0 0.20 0.54 0.75 0.62
15 0
16 0 0.40
17 0
18 0
19 0.46 0 0.71
20 0
21 0
22 0.18 0.52 0 0.74 0.60
23 0.34 0
24 0
25 0
26 0
27 0.14 0

Abbreviations: OHA, Object Hit and Avoid;
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Inter-Feature Subsumption Analysis

The subsumption of OH task features over the OHA task features and subsumption

of OHA task features over the OH task features were computed using the Control,

RA and LA populations. Among the control population, none of the features in OH

task subsumed any of the features in the OHA task and vice versa. This means that

some of the control participants were outside of the normative range in one task but

not the other across all features.

Tables 5.16 and 5.17 show the degree of feature-subsumption between all features

in the OH task over the feature in the OHA task for the RA and LA participants,

respectively. Similar to the intra-feature results, among RA participants feature 25

was not only subsumed by all features of the OHA task (Table 5.14) but also by all

features of the OH task. Feature 10 (Time Difference for Right Hand) showed “domi-

nance”, in the sense that it subsumed all but 7 of the OHA task features. This pattern

was not observed among LA participants for the feature 11 (Time Difference for Left

Hand) nor for any other feature. Although feature 26 (Swap Error for Tall Targets)

identified impairments in only few of RA and LA participants (see Table 5.11), it was

not subsumed by any of the OH task features among RA and LA stroke populations.

Tables 5.18 and 5.19 show the degree of feature-subsumption between all features

in OHA over the feature in the OH task for the RA and LA participants, respectively.

For the LA stroke population, only feature 19 (Elbow Acceleration Left Hand) in the

OHA task subsumed feature 6 (Hand Speed Right Hand) in the OH task. On the

other hand, a greater number of subsumptions were observed among the RA stroke

population, notably for feature 21 (DTW Acceleration for Left Hand). The degree of

subsumption for feature 3 was the same with respect to features 7, 9 and 19 of the OH
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Table 5.16: Feature comparison results showing the degree of subsumption of each
feature in OH task over each feature in the OHA task computed for the
right-side affected stroke population. See text for details. The feature-
numbering translation are provided in the Nomenclature.

OHA Task Features Subsumed by OH Task Features

O
H

T
a
sk

F
ea

tu
re
s
S
u
b
su

m
e
O
H
A

T
a
sk

F
ea

tu
re
s

# 1 2 3 4 5 6 7 8 9 10 11 12 13 14

1 0.49 0.30 0.65
2
3 0.57
4 0.22
5
6 0.32
7
8
9
10 0.27 0.57 0.32 0.35 0.46 0.38 0.62 0.19 0.73 0.11 0.65 0.22 0.27
11
12
13 0.32 0.49
14 0.49 0.30 0.65
15
16 0.30
17
18 0.30
19
20
21

# 14 15 16 17 18 19 20 21 22 23 24 25 26 27

1 0.35 0.65 0.41 0.78
2 0.41
3 0.57 0.70
4 0.57 0.70
5 0.51 0.65
6 0.62
7 0.14
8 0.49 0.62
9 0.14
10 0.27 0.51 0.43 0.73 0.22 0.22 0.49 0.86
11 0.32
12 0.57
13 0.62
14 0.35 0.65 0.41 0.78
15 0.57 0.70
16 0.59
17 0.43
18 0.59
19 0.14
20 0.22
21 0.05

Abbreviations: OH, Object Hit; OHA, Object Hit and Avoid;
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Table 5.17: Feature Comparison Results showing the degree of subsumption of each
feature in OH task over each feature in the OHA task computed for the
left-side affected stroke population. See text for details. The feature-
numbering translation are provided in the Nomenclature.

OHA Task Features Subsumed by OH Task Features

O
H

T
a
sk

F
ea

tu
re
s
S
u
b
su

m
e
O
H
A

T
a
sk

F
ea

tu
re
s

# 1 2 3 4 5 6 7 8 9 10 11 12 13 14

1 0.37 0.57
2
3 0.09 0.34 0.54 0.38
4 0.34 0.54
5 0.31 0.51
6
7
8
9
10
11 0.37 0.57
12
13
14 0.09 0.38 0.58 0.09 0.05
15 0.40 0.60 0.45
16
17
18
19
20
21

# 14 15 16 17 18 19 20 21 22 23 24 25 26 27

1 0.57 0.78 0.65
2
3 0.20 0.54 0.75 0.62
4 0.54 0.75 0.62
5 0.51 0.72 0.58
6
7 0.48 0.72
8
9 0.71
10
11 0.23 0.57 0.78 0.65
12 0.62
13 0.66 0.69
14 0.05 0.25 0.25 0.58 0.80 0.66
15 0.26 0.60 0.82 0.68
16
17
18
19 0.49
20
21

Abbreviations: OH, Object Hit; OHA, Object Hit and Avoid;
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task. The same pattern was observed for the features 8,10 and 22 in the OHA task.

Further analysis revealed that the same set of participants was contributing for the

feature 3 to subsume features 7 and 9, but not feature 19 of the OH task. However,

the set was different by only one participant. The same was true for features 8,10

and 22.

By observing the inter-feature subsumption results, it can be seen that features of

the OH task subsumed a greater number of features in the OHA task than the other

way around. It is possible that when we increased the complexity of the OHA task,

we lost some of the information regarding the control and stroke populations.

However, the OH task does not subsume the OHA task. Moreover, a deeper

analysis revealed that 1 LA and 3 RA participants were identified as impaired in

the OHA task but not in the OH task. A further extension to the framework for

feature analysis and task comparison can be done to capture this information about

task differences in terms of each individual participant. Definitions can be added to

the framework to compute the relative number of features that correctly classify a

population item p ∈ P and to compare these numbers across features and tasks.

Group performance results (Tables 5.10 and 5.11) illustrate the overall perfor-

mance of the OH and OHA task. From the results in these tables, it is evident that

the OH task outperforms the OHA task in identifying impaired performance among

stroke participants. However, the framework for feature analysis and comparison

gives way to a deeper analysis. It allows us to determine which features contribute to

the overall success of the task, which features are unique and which are redundant.

By comparing results across different groups, we can identify features that target cer-

tain subpopulations. The inter-feature analysis can reveal features that are powerful
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in identifying impairments in one task but not in the other (e.g. feature 10 for OH

task).

Here we studied the feature information in three populations groups: Controls,

RA and LA. Further analysis can be done on other subpopulations, for example

on participants with visuospatial neglect or cognitive impairments. The framework

reveals differences in performance between groups within the same task or across

tasks.
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Chapter 6

Summary and Future Work

In this thesis a framework was presented for analysis and extraction of information

from robotic data. The framework can be used to identify specific measures that can

be used in clinical practice for the assessment of neurological impairments following

stroke. The framework consists of the following steps:

1. Visualization and observation.

2. Development of features that capture different aspects of performance and be-

haviour.

3. Feature analysis:

(a) Statistical analysis to identify any influence of age and/or sex.

(b) Reliability and validity analyses

(c) For each feature, identify its predictive power (e.g.: the power of a feature

to identify stroke participants as different from the control population).

4. Feature reduction, if necessary.
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Through this framework a set of tools were developed that not only detect an im-

paired performance, but also provide meaningful information about the underlying

impairment.

6.1 Object Hit Task as a Tool for Clinical Assessment

The framework was used for the analysis of the Object Hit task. The framework led

to the development of 21 features that can be used as an assessment tool to identify

impairments in patients with stroke. It is recognized that in order for an assessment

measure to be applicable in clinical practice, the measure must be valid, reliable,

responsive and time efficient [41, 102].

Validity

To show that the developed Object Hit task assessment features actually measures

sensorimotor impairments, the concurrent validity was tested. The features were

compared to established functional measurements administrated at the same time,

which included FIM, BIT, MoCA, Modified Ashworth (MAS), Purdue Pegboard and

Chedoke-McMaster Stroke Assessment Scale for arm and hand (CMSAa and CMSAh)

scores. Results highlight that many of the task features correlated with these clinical

measures.

Reliability

To test how consistent the developed features are, an inter-rater reliability study was

performed. The results showed very high correlations across sessions.
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Responsiveness

The responsiveness of the Object Hit task was not analyzed in this thesis. Currently,

there is not enough longitude data available to accurately assess the responsiveness.

Future work needs to be done to determine the responsiveness by analyzing the Object

Hit task data collected at different time points (3-6-12 month) after stroke.

Time Efficiency

The Object Hit task has simple instructions and can be completed in just over two

minutes. It takes about 10 to 15 minutes to setup and calibrate a participant in the

robotic system and the entire robotic session, in which data is collected for different

tasks including Object Hit task, takes approximately one hour.

Advantages

The Object Hit task features provide quantitative and objective measurements of a

participant’s performance. These measures can detect subtle changes in performance.

The measures are valid, reliable and time efficient. Combined with a fuzzy neural

network, each participant’s performance can be graded on a 0−1 scale in different

performance categories.

The technology has the potential to assess a wide range of deficits found in stroke

patients. Currently, the system can suggest the presence of an unusual performance

that is sometimes found in participants with visuospatial neglect. Future work can

expand the fuzzy neural network to identify and grade other specific neurological

impairments.

The Object Hit task has effectively no floor or ceiling effects. It also has features
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that are not related to the overall success of hitting balls (e.g. hand transition, bias

features, number of hand switches, or joint synchronization measure). The results

of these features are robust for poor performance in terms of low ball-hit count and,

therefore, have more resilience against intentional or unintentional manipulations of

performance results by a participant.

Disadvantages

The main drawback of the system is that does not have a flexible platform in terms of

use. For obvious reasons, the KINARM tasks cannot be used as a bedside assessment

tool. In addition, it cannot be used for patients with low-level function, paralysis of

upper limbs or severe cognitive impairments that make them unable to understand

task instructions.

Conclusion

Following the data analysis framework, the Object Hit task was thoroughly analyzed.

It was demonstrated that the Object Hit task provides an objective and easy approach

to quantify upper limb motor function and visuospatial skills after stroke. In future

work, it would be interesting to identify the relationship between feature results and

areas of the brain that were damaged by stroke.

6.2 Feature Selection Algorithm

The initial work on the Object Hit task included the development of a broad range

of features that capture various aspects of performance. These features were divided

into 7 categories of performance: gglobal performance, spatial performance, temporal
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changes in performance, hand motor, bimanual performance, hand coordination, and

joint kinematics. A feature selection algorithm was developed to reduce the number

of preliminary features in each category to a more manageable set. The objective was

to select features with the highest power to identify sensorimotor impairments among

stroke participants.

The idea for the algorithm was inspired by the greedy feature selection algorithm

presented in [6]. Similar to Battiti’s algorithm, the developed method uses the in-

dividual predictive power (or “strength”) of each feature (ability to separate stroke

participants from the control group) and feature independency (how each feature is

different from other features) to rank the features.

In addition to these criteria, the algorithm was extended to include reliability

and concurrent validity measures. This is valuable in applications where ranking

of features based on reliability and validity is important in order for them to be

applicable in clinical practice. In addition, the algorithm integrates the possible

influences of age and sex into the ranking process. This is an important feature

in applications where gender and sex attributes are present. Finally, the developed

algorithm also uses a uniqueness score. This score improves the algorithm’s feature

ranking performance. It enables the algorithm to give a higher ranking to features

that are able to identify impaired performance that other features cannot. This last

improvement to the algorithm is general and applicable in other applications.

6.3 Fuzzy Neural Network

A Fuzzy Neural Network (FNN) was developed to identify impairments among stroke

participants by combining the features. The network also facilitates a grading of



6.3. FUZZY NEURAL NETWORK 165

performance on a 0 − 1 scale. A grade closer to 1 indicates a high level of impaired

performance, whereas a grade closer to 0 suggests little or no impairment. The system

can identify impairment using each feature individually, or all features combined, or

by combining features in each of the seven categories of performance.

The developed FNN generalizes well and has a high specificity and sensitivity for

the Object Hit data. During the training process, the training data is used only to

construct the membership functions. There is no back-propagation or other learning

algorithm that is typically used to train a neural network [91]. Therefore, many

problems that are present with the training algorithms are avoided.

The FNN is fully automated and can be used to identify the presence of impair-

ment or provide a grading of the performance of other KINARM tasks and potentially

in other applications as well. The FNN can be used to evaluate inter-rater reliabil-

ity by comparing the FNN output on data from two inter-rater sessions. When an

output is computed for each feature, the FNN can be used to evaluate the power of

a feature to identify impaired performance among stroke participants, and to replace

the Impaired Performance analysis. The trained network can subsequently be used

in the framework for task comparison to compute the feature information.

The construction of the membership function is an important part of the Fuzzy

Neural Network design. In this thesis, all but 3 membership functions (spatial bias,

hand bias and speed bias) were computed using an s-function. This type of function

fits the underlying distribution very well in most cases. Future work may focus on

the development of different membership functions tailored to each individual feature

and its underlying data distribution.

Based on the results of Object hit task, an additional fuzzy network rule was
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created. The rule was designed to identify the unusual pattern of behaviour in terms

of Hand Bias and Spatial Bias observed among participants with visuospatial neglect

(Feature 3.15 A). Further work needs to be done to validate and assess how reliably

this rule can identify presence of visuospatial neglect. Furthermore, research can be

done to investigate whether the severity of the visuospatial neglect correlates with

the combination results of the hand transition and hand bias features.

Using the output of a trained FNN, a report can be generated that displays

the participant’s level of impairment on a 0−1 scale (Figures 4.3,4.4,and 4.5). For

the hand motor and limb kinematics categories, the report presents results for each

arm/limb. This is done because stroke participants sometimes have bilateral impair-

ments [27, 58, 57, 23, 124, 123, 79]. The report is only preliminarily and more work

needs to be done in the development of a final report. User studies with clinicians

must be done to assess the report’s user-friendliness and usability in clinical practice

and items should be added and/or removed accordingly.

6.4 Object Hit and Avoid Task

In this thesis some preliminary work was done on the Object Hit and Avoid task.

New features were developed with a goal to detect short-term memory impairments.

Future work could expand this work by following the presented framework for data

analysis to develop other features that capture the unique aspects of the task and to

detect other types of impairments. In addition, a reliability study was not performed

for the task because there is currently no inter-rater data available.

Finally, N-way ANOVA statistical analysis showed that all but one feature (Swap

Err. T1 ST, Kruskal-Wallis test, p-val = 0.0016) had no significant differences in mean
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between performances among different target combination groups (see Section 5.1.4).

Further analysis and investigation could be performed to identify why the ANOVA

test failed for the Swap Error Type 1 for Small Targets feature.

6.5 Framework for Feature Analysis and Comparison

In this thesis a framework for feature analysis and comparison was presented that

provides definitions for analysis and comparison of features within a task or across

different tasks. It defines methods to extract more information from features and

tasks that cannot be achieved by evaluating the overall classification performance.

Moreover, the framework enables analysis that can lead to a deeper understanding of

the sensorimotor deficits associated with given populations. The framework is general

and can be used to compare features in other KINARM tasks as well as tasks in other

experiments.

The framework can be extended by adding definitions that identify whether the

same population items contributed to the subsumption of different features. In other

words when fi ≽ fj, fi ≽ fk and Pj = Pk. Another extension to the framework can

include definitions that compare classification accuracy of all features with respect to

each individual participant. Definitions can be added to the framework to compute

the relative number of features that correctly classify a population item p ∈ P and

to compare these numbers across features and tasks.

The developed framework was applied in the comparison analysis of the Object

Hit and the Object Hit and Avoid task, which is a slight modification of the Ob-

ject Hit task. The comparison results showed that OH task features tend to have

more feature information than features in the OHA task. This was evident from the
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greater number of feature subsumtions among OH task features than among OH task

features. However, the OH task did not subsume the OHA task and there were 4

stroke participants that were identified as impaired in the OHA task but not in the

OH task.

It is important to note, that the comparison between two tasks depends on the

underlying population and on the method used to compute feature information. Dif-

ferent results might be achieved in different populations using exactly the same tasks

and features. Using a classifier with higher accuracy to compute feature information

may produce different feature analysis results. In addition, more work needs to be

done on the OHA task and the development of OHA task-specific features. This could

potentially change the comparison results.

6.6 Final Remarks

This chapter summarized the work done in the thesis and provided a number of

possible extensions to the current work. The developed framework for data analysis

extracted features from the Object Hit task that can be used as reliable and valid

measures of sensorimotor impairment. In contrast to other tasks developed for the

KINARM robot, the Object Hit task is a bimanual task that was designed to engage

several brain processes at the same time. Therefore, it can be used as a tool to

pre-screen stroke patients and identify potential problem areas that need further

investigation.

The many original features that were created for the Object Hit task can be used

in other applications as well. Some of the developed features capture unique aspects

of bimanual performance (e.g. hand transition, number of hand switches). These
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features are applicable in other bimanual tasks where there is interest to study how

two limbs coordinate work load or utilize the work space. Features such as slope of

acceleration and DTW acceleration, can be used to evaluate performance in other

tasks where acceleration is measured for different joints.

The developed feature selection algorithm has some original extensions. It takes

into account influences of gender and age as well as the validity and reliability of

features. These extensions allowed us to rank features not only based on their ability

to identify impairments that are different than control performance, but also on their

applicability to be used as clinical measures.

The designed Fuzzy Neural Network identified impairments among stroke partic-

ipants with high accuracy. It can identify and grade impairments using each feature

individually, or by combining all features, or by evaluating features in each category.

When the network computes outputs for each feature, it can be used to evaluate each

feature for its ability to detect impairments. Alternatively, the network can be used

to generate a performance report for a given individual, showing his/her grade of

performance in each performance category on a 0 − 1 scale.

Finally, the framework for task comparison can be used to compare different tasks

and/or features in a given experiment. The comparison results allow for reduction of

the number of tasks and therefore, reduces the amount of time necessary to collect

data. The intra- and inter-feature differences not only describe the differences be-

tween features and tasks, but can also provide an insight into the differences between

subpopulations.
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Nomenclature

Abbreviations

AUC . . . . . Area under the curve

BIT . . . . . . Behaviour Inattention Test

CMSA . . . . Chedoke-McMaster Stroke Assessment Scale

CMSAa . . . Arm impairment portion of the Chedoke-McMaster Stroke

CMSAh . . . Hand impairment portion of the Chedoke-McMaster Stroke Assess-

ment Scale

DTW . . . . . Dynamic Time Warping

EMG . . . . . Electromyogram

FIM . . . . . Functional Independence Measure

fMRI . . . . . Functional Magnetic Resonance Imaging

KINARM . . Kinesiological Instrument for Normal and Altered Reaching Move-

ments

MMSE . . . . Mini-Mental Status Examination

MAD . . . . . Median Absolute Deviation

MoCA . . . . Montreal Cognitive Assessment
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Glossary

Object Hit Features

# Feature Units

1 Hit Percentage %

percentage of successful hits relative to the total

number of balls

2 Hand Transition cm

line in the workspace where the participant’s pref-

erence switches from one hand to the other

3 Hits per Second hits/s

trimmed mean of hits per second

4 AUC M1 cumulated number of

area under the misses-in-time curve for the interval

of about 50 - 75 seconds (10000 − 15000 time frame

interval) of the task

misses × time (in

time-frames)

5 Median Error %

point in the task where participant missed half of

the balls that they missed in total

6 Hand Speed RH m/s

median of the hand speed for right hand

7 Hand Speed LH m/s

median of the hand speed for left hand
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# Feature Units

8 Hand Dist. RH meters

distance the right hand travels to hit successive

balls

9 Hand Dist. LH meters

distance the left hand travels to hit successive balls

10 Time Diff. RH sec

frequency of hits made with the right hand

11 Time Diff. LH sec

frequency of hits made with the left hand

12 Speed Bias -

quantifies differences in hand speed

13 Hand Bias -

identifies the relative hand use

14 Number of Hand Switches num

number of successful hits made with one hand fol-

lowed by a successful hit made with another hand

15 Time Difference Weighted sec
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# Feature Units

standard deviation of the difference between time

when a hit was made with one hand and the time

when a hit was made with another hand. The val-

ues are weighted by the bin in which the hit was

made

16 Shoulder Acceleration Increase RH radians/s3

increase in the amplitude of acceleration of right

shoulder increase in the amplitude of acceleration

throughout the task

17 Shoulder Acceleration Increase LH radians/s3

increase in the amplitude of acceleration of left

shoulder increase in the amplitude of acceleration

throughout the task

18 Elbow Acceleration. RH radians/s2

median absolute deviation of right elbow accelera-

tion

19 Elbow Acceleration. LH radians/s2

median absolute deviation of left elbow acceleration

20 DTW Acceleration RH radians/s2



199

# Feature Units

measures similarity between right shoulder and el-

bow acceleration using Dynamic Time Warping al-

gorithm

21 DTW Acceleration LH radians/s2

measures similarity between left shoulder and el-

bow acceleration using Dynamic Time Warping al-

gorithm

Object Hit and Avoid Task-Specific Features

# Feature Units

22 Hit Percentage Small Target %

hit percentage of the small targets

23 Hit Percentage Tall Target %

hit percentage of the tall targets

24 Hit Percentage Distracter %

number of distracters hit as a percentage of total num-

ber of distracters

25 Swap Error Type 1 Small Target %

first-type swap error for the small targets

26 Swap Error Type 1 Tall Target %

first-type swap error for the tall targets
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# Feature Units

27 Swap Error Type 2 %

second-type swap errors
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Appendix A

Clinical and Other Assessment Tools

This appendix describes clinical assessment tools that were used to assess stroke par-

ticipants involved in this study. The tests include the Behavioural Inattention Test

(BIT), Mini-Mental Status Examination (MMSE), The Montreal Cognitive Assess-

ment (MoCA), Functional Independence Measure (FIM), Modified Ashworth Scale,

Barthel Index, Fugl-Meyer Scale (FMS), Chedoke-McMaster Stroke Assessment Scale

- Impairment Inventory for hand and arm (CMSAh and CMSAa), Medical Outcomes

Study Short Form 36, Purdue Peg Board Test and Modified Edinburgh Handedness

Inventory (MEHI) score.

A.1 Behavioural Inattention Test (BIT)

The Behavioural Inattention Test (BIT) [61] is a screening tool used in clinical as-

sessment for diagnosis of visual neglect. It consists of two parts: conventional and

behavioural. The conventional part has six pencil-paper subtests (line crossing, letter

cancelation, star cancelation, figure and shape copying, line bisection and represen-

tational drawing). The behavioural section tests activities of daily living relevant to

visual neglect. It is based on the original Rivermead Behavioral Inattention Test [163]
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and consists of nine subtests (picture scanning, telephone dialing, menu reading, ar-

ticle reading, telling and setting the time, coin sorting, address and sentence copying,

map navigation and card sorting). The detailed description of each subtest and their

scoring methods are given in [163, 61]. The complete test takes on average 40 minutes

to complete. Generally in clinical practice, only the conventional part is administered

to identify presence of unilateral visual neglect, while the behavioural subtests are

used to study the effect of the impairment on the activities of daily living [172]. The

conventional BIT score ranges from 0-146 where score below 130 indicates presence

of unilateral visual neglect. In this thesis only the conventional part of the test was

administered.

The BIT has high concurrent validity, inter-rater reliability and test-retest relia-

bility [61, 163, 71] and is widely used in clinical practice.

A.1.1 Mini-Mental Status Examination (MMSE)

The mini-mental status examination [44] is considered to be a useful bedside tool to

evaluate the overall mental function and assessment of cognitive impairment. It also

records level of alertness. It takes less than 10 minutes to complete the test. The test

consists of 11 items covering 7 cognitive domains (see TableA.1). It is divided into

two sections. The first section requires vocal responses only and covers orientation,

memory, and attention. The second section tests ability to name, follow verbal and

written commands, write a sentence spontaneously, and copy a complex polygon.

The maximum score is 30, where score of 24-30 indicates no impairment, 18-23 mild

impairment and 0-17 severe impairment [143].
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Table A.1: Mini-Mental Status Examination. The description of the test is taken
from [44]

Category Tests description (points) Max score
1. Orientation
to time

what is the year, season, date, day, month 5

2. Orientation
to space

where are we: state, county, town, hospital, floor 5

3. Registration repeated learning trials of three unrelated items un-
til learned correctly. A recall of these items is per-
formed later

3

4. Attention
and Calcula-
tion

serial subtraction task. Alternatively spell ”world”
backwards

5

5. Recall recall the 3 items learned earlier 3
6. Language naming: name a watch and a pencil(2), repetition:

sentence repetition(1), command: follow a 3-stage
command(3), reading: reading a command and ex-
ecuting it(1), writing: write a sentence(1)

8

7. Visuospatial copy a drawing of two intersecting pentagons 1
Total possible score 30

The test has variable test-retest and inter-rater reliability [44, 94, 143]. It has been

shown to have high concurrent validity [1, 13] but suffers from high ceiling effects [142].

A.1.2 The Montreal Cognitive Assessment (MoCA)

The Montreal Cognitive Assessment (MoCA) [97] is a screening tool to detect poten-

tial cognitive dysfunction with an emphasis on evaluation of the executive function

and attention. The one-page test consists of 16 items in 8 cognitive domains (see Ta-

bleA.2, a sample test is available at www.mocatest.org). It takes about 10 minutes

to administer the test. There are three different forms of the test available to reduce

likelihood of practice effects. Score of ≥26/30 is considered normal.
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Table A.2: The Montreal Cognitive Assessment. The description of the test is taken
from [97]

Category Tests description (points) Max score
1. Visuospatial
and executive

alternating trail making task(1), three-dimensional
cube copy (1), clock-drawing task(3)

5

2. Naming three-item confrontation naming task with low-
familiarity animals (lion, camel, rhinoceros)(3)

3

3. Memory two learning trials of five nouns. A recall of these
nouns is performed in 5 minutes

0

4. Attention forward digit span(1), backward digit span(1), tar-
get detection task using tapping (1), serial subtrac-
tion task(3)

6

5. Language repetition of two syntactically complex sen-
tences(2), verbal fluency test(1)

3

6. Abstraction two-item verbal abstraction task (2 tests) 2
7. Delayed re-
call

recall the 5 nouns learned earlier (optional with
cues)

5

8. Orientation what is the date(1), month(1), year(1), day(1),
place(1), city(1)

6

Total possible score 30

The MoCA test has good correlation to MMSE score and high test-retest reli-

ability [97, 135, 142], the inter-rater reliability is not yet established. Compared to

MMSE, MoCA has less of a ceiling effect [142].

A.1.3 Functional Independence Measure (FIM)

The Functional Independence Measure (FIM) [73] is most commonly used and rec-

ommended standardized test for assessing disability in Canada [84, 65, 137]. The test

consists of 18 short answer questions that are based on activities of daily living. The

questions are divided into 13 motor questions (self care (6), sphincter control (2),

mobility (3), locomotion (2)) and 5 cognitive questions (communication (2), social in-

teractions (1), cognition (2)). The answers are scored based on the level of assistance
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required to execute the task in question. The score for each question ranges from

1 (total assistance required) to 7 (complete independence). It takes about 30-35

minutes to administer the test.

FIM scores are used to identify the severity of stroke and generally denoted as

mild (total FIM >80, motor >62), moderate (total FIM 40-80, motor 38-62) and

severe (total FIM <40, motor <38). The FIM has a well established validity and

inter-rater reliability [147, 67, 105]. It also has low floor and ceiling effects among

stroke patients [67, 34, 15].

A.1.4 Modified Ashworth Scale

The modified Ashworth scale [11] is used to measure spasticity in patients with stroke.

The test grades muscle tone from normal (0) to severe (5) by testing the resistance

to passive movement about a joint with varying degrees of velocity. It takes less than

5 minutes to administer the test, depending on the number of joints being tested.

TableA.3 gives the description for each score.

Although the modified Ashworth scale has good concurrent validity [72], the inter-

rater reliability of the test depends on the experience of the test administrator [11,

10, 14, 106]. In addition, the scale has variable test-retest reliability depending on

which body parts (or muscle groups) are tested [53].
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Table A.3: Modified Ashworth scale. The description of the test is taken from [11,
137]

Score Description
0 no increased tone
1 slight increase in muscle tone, manifested by catch and release

or by minimal resistance at the end of the range of motion when
the affected part is moved in flexion or extension

1+ slight increase in muscle tone, manifested by a catch, followed
by minimal resistance throughout the reminder (less than half)
of the range of movement

2 more marked increase in muscle tone through most of the range
of motion, but effected part(s) are easily moved

3 considerable increase in muscle tone, passive movement is diffi-
cult

4 affected part(s) are rigid in flexion and extension

A.1.5 Barthel Index (BI)

The Barthel Index (BI) [87] tests ability of an individual to perform 10 activities

of daily living: feeding (score:0-2), bathing (score: 0-1), grooming (score:0-1), dress-

ing (score:0-2), bowel control (score:0-2), bladder control (score:0-2), toilet use (score:0-

2), transfer (score:0-3), mobility (score:0-3) and stairs (score:0-2). It is used to assess

the self-care ability of an individual with a neuromuscular or musculoskeletal disor-

der. The score (max 20) is given based on the current level of ability to complete

each activity. It takes about 5-10 minutes to complete the test.

The BI test has good concurrent validity [67, 157] and good inter-rater reliabil-

ity [66]. However, it has high ceiling effects [66, 39]



A.1. BEHAVIOURAL INATTENTION TEST (BIT) 207

Table A.4: Fugl-Meyer Scale. The description of the test is taken from [50]. Abbre-
viations: UE - upper extremity, LE - lower extremity.

Domain Measuring Max
score

motor movement, coordination, and reflex action about
the shoulder,elbow, forearm, wrist, hand, hip, knee,
and ankle

UE: 66,
LE: 34

sensory light touch (upper arm, hand, thigh, foot), propri-
oception (shoulder, elbow, wrist, thumb, hip, knee,
ankle, toe)

24

balance sitting, standing 14
joint range of
motion

shoulder, elbow, wrist, fingers, forearm, hip, knee,
ankle, foot

44

joint pain shoulder, elbow, wrist, fingers, forearm, hip, knee,
ankle, foot

44

A.1.6 Fugl-Meyer Scale (FMS)

The Fugl-Meyer Scale [47] is widely used measure of upper and lower extremity motor

impairment. It is considered to be a comprehensive, quantitative measure of impair-

ment following stroke. The test is divided into 5 domains: motor function, sensory

function, balance, joint range of motion, and joint pain (see TableA.4). Each domain

contains multiple items that are scored on a 3-point ordinal scale (0 - cannot per-

form, 1 - performs partially, 2 - performs fully). It takes approximately 30 minutes

to administer the test by a trained physical therapist.

The scale has good validity [132, 108, 50] and high test-retest and inter-rater re-

liability [38, 108]. It has ceiling effects in the sensory subscore [83] and celing/floor

effects in the balance subscore [88].
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A.1.7 Chedoke-McMaster Stroke Assessment Scale(CMSA) - Impair-

ment Inventory for hand and arm (CMSAh and CMSAa)

The impairment inventory for hand and arm are part of the first section of the

Chedoke-McMaster Stroke Assessment Scale [5]. It is used to determine the pres-

ence and severity of impairments in hand and arm function. The scoring is based on

direct performance of voluntary movement of the arm and hand [137]. Each dimen-

sion (arm and hand) consists of 7 stages with increasing difficulty each containing 3

tasks. Testing begins at stage 3 and moves one stage up if the participant is able

to complete at least 2 out of 3 tasks on the current stage. Otherwise, the testing

moves one stage down. However, if that stage was already completed, the testing

stops. The participants score is the highest stage where at least two of the three

tasks were accomplished. To achieve the maximum score 7, the participant must be

able to complete all 3 tasks in stage 6 and at least 2 tasks in stage 7. The CMSA

scale has high validity, and test-retest and inter-rater reliability [5, 52].

A.1.8 Medical Outcomes Study Short Form 36

Medical Outcomes Study Short Form 36 [161] is a self-reporting questionnaire (36

items) that assesses health-related quality of life in the past 4 weeks. It is divided

into 8 domains: (1) physical functioning, (2) role limitations due to physical problems,

(3) general health perceptions, (4) vitality, (5) social functioning, (6) role limitations

due to emotional problems, (7) general mental health and (8) health transition. An-

swers to each question are scored transformed to a 0 (negative health) 100 (positive

health) scale based on the test scoring rules [161]. The test has good overall test-retest
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reliability [32] and variable concurrent validity [162]. It also has floor and ceiling ef-

fects [3, 60].

A.1.9 Purdue Pegboard Test

Purdue Pegboard Test measures upper limb dexterity. The test consists of four sub-

tests: (1) Right hand, 30 sec. Take one peg at a time from a container and place it

into one of the holes on the board as quickly as possible. Participants have 30 seconds

to move as many pegs as possible. (2) Left hand, 30 sec. Same test as subtest 1,

except using only the left hand. (3) Both hands, 30 sec. Same test as subtest 1,

except using both hands. (4) Assembly, 60 sec. Using both hands assemble sequences

of pins, collars and washers on the board, one assembly at a time. The score is

expressed in the number of pegs placed per 30 seconds. For the assembly test, the

count of all assembled pieces is made and normalized. The entire test takes less than

10 minutes, including instructions and executions. The test has good test-retest and

inter-rater reliability [62, 48, 22] but suffers from floor effects for the initial assessment

of stroke [139].

A.1.10 Modified Edinburgh Handedness Inventory (MEHI) score

The Modified Edinburgh Handedness Inventory (MEHI) score is a questionnaire-based

measure of hand preference (or hand dominance) [103]. The questionnaire consists of

list of 12 activities (see TableA.5 and the participant is asked to indicate with a plus

sign (+) which hand(s) he/she uses to perform this activity (two pluses (++) for

strong preference, one + for right and left column for no preference). Although the

measure is wildly used in practice and in research, various studies noted that some
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Table A.5: Modified Edinburgh Handedness Inventory. The description of the test is
taken from [103].

Activity Left Right
Writing
Drawing
Throwing
Scissors
Toothbrush
Knife (without fork)
Spoon
Broom (upper hand)
Striking match
Opening box (lid)
Which foot do you prefer to kick with?
Which eye do you use when using only one?

of the questionnaire items are problematic with low validity and/or reliability (e.g.

writing, drawing, opening box, holding a broom, kicking a ball),[110, 120, 154, 33, 92].
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Appendix B

Preliminary Features

This Appendix gives a brief description of the preliminary features developed for

the Object Hit task. The features are divided into seven categories: general perfor-

mance, spatial performance, temporal changes in performance, hand motor metrics,

hand coordination performance, bimanual performance, and joint kinematics perfor-

mance. For features in the form of time series (values over time), summary statistics

were collected that included: mean; median; standard deviation (std); trimmed mean

(trimmean, mean of a sample X excluding the highest and lowest 2.5% of the observa-

tions); mean absolute deviation of the values in X (madMean, mean(|X−mean(X)| );

median absolute deviation of the values in X (madMedian, median (|X−median(X)|)

); maximum absolute deviation of the values in X (madMax, max(|X−max(X)|) );

skewness (describes the symmetry of the distribution of X around the mean); kur-

tosis (describes the shape of the distribution of X around the mean); minimum and

maximum values.
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B.0.11 General Performance Category

The general category consists of only one feature - the percentage of successful hits

(Hit Percentage).

B.0.12 Spatial Performance Category

The spatial motor control category contains 6 featuresB.1. These features capture

the use of space by the participants while performing the task.

Table B.1: Preliminary features, spatial performance category. N refers to the number
of features in the group.

N Name Description
1 Hand transition 1 the line in the workspace where the participant’s prefer-

ence switches from one hand to the other, It is computed
as a differences between normalized left and right hand
hits for each bin

1 Hand transition 2 the line in the workspace where the participant’s pref-
erence switches from one hand to the other. It is com-
puted by computing weighted mean over the bins where
both hands made hits.

1 Hand transition 3 the line in the workspace where the participant’s pref-
erence switches from one hand to the other. It is com-
puted as differences between left and right hand hits for
each bin (not normalized)

1 Misses bias the number of balls missed for each bin and then calcu-
lated as a weighted mean across the ten bins

1 Intersection area the intersection area of the hand movements
1 Union area the union area of the hand movements

B.0.13 Temporal Changes in Performance Category

The temporal changes in performance category consists of 31 features, 6 of which are

time series (total of 91 features)B.2. These features capture the motor performance
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of the participants in time.

Table B.2: Preliminary features, temporal changes in performance category. N refers
to the number of features in the group.

N Name Description
1 Median error the point in the task where the participant missed half

of the all balls that they miss as a percentage of the
total number of balls.

11 Misses in time summary statistics of missed balls in time.
11 Differential summary statistics of the differential taken over the

misses in time. The resulting data is averaged every
10 time frames (0.05 seconds)

11 Normalized differ-
ential

summary statistics of the normalized differential taken
over the misses in time. The misses in time are divided
by the total number of misses before computing the
differential. The resulting data is averaged every 10
time frames (0.05 seconds)

11 Mean Differential summary statistics of the differential taken over the
misses in time. The resulting data is averaged with
10 time frames window

11 Mean Normalized
differential

summary statistics of the normalized differential taken
over the misses in time. The misses in time are divided
by the total number of misses before computing the
differential. The resulting data is averaged with 10 time
frames window

1 RofC rate of change of misses in time.
1 Mean RofC mean rate of change of misses in time
1 Area MinT area under the curve of misses in time
1 Area M0 area under the curve of misses in time for the interval

of 0 − 10000 time frame (apx. 0 - 50 seconds) of the
task

1 Area M1 area under the curve of misses in time for the interval
of 10000 − 15000 time frame (apx. 50 - 75 seconds) of
the task

1 Area M2 area under the curve of misses in time for the interval
of 15000 − 20000 time frame (apx. 75 - 100 seconds) of
the task

Continued on next page
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Table B.2 – Continued from previous page
N Name Description
1 Area M3 area under the curve of misses in time after 20000 time

frames (100 seconds) of the task
1 Area ME1 area under the curve of misses in time until median error

point
1 Area ME2 area under the curve of misses in time for the interval

of starting at the 10000 time frame (apx. 50 seconds)
until median error point

1 Area SD1 area under the curve of misses in time until maximum
peak in the Differential

1 Area SD2 area under the curve of misses in time for the interval
starting at the 10000 time frame (apx. 50 seconds) until
maximum peak in the Differential

1 Area SDN1 area under the curve of misses in time until maximum
peak in the Normalized Differential

1 Area SDN2 area under the curve of misses in time for the interval
starting at the 10000 time frame (apx. 50 seconds) until
maximum peak in the Normalized Differential

1 Area meanSD1 area under the curve of misses in time until maximum
peak in the mean Differential

1 Area meanSD2 area under the curve of misses in time for the interval
starting at the 10000 time frame (apx. 50 seconds) until
maximum peak in the mean Differential

1 Area meanSDN1 area under the curve of misses in time until maximum
peak in the mean Normalized Differential

1 Area meanSDN2 area under the curve of misses in time for the interval of
starting at the 10000 time frame (apx. 50 seconds) until
maximum peak in the mean Normalized Differential

1 Tangent of an an-
gle M1

tangent of an angle created by the height of the misses
in time curve for the interval of 10000 − 15000 time
frame (apx. 50 - 75 seconds) of the task

1 Tangent of an an-
gle M2

tangent of an angle created by the height of the misses
in time curve after 20000 time frames (100 seconds) of
the task

1 Tangent of total
misses

tangent of the angle created by the height of the misses
in time curve after 25th percentile of all misses.

1 M1/M2 tangent of an angle M1 divided by tangent of an angle
M2

Continued on next page
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Table B.2 – Continued from previous page
N Name Description
11 Hits per second summary statistics of the number of successful hits

made every five seconds
1 RofC hps rate of change of hits per second
1 Area hps area under the curve of hits per second
1 Curve shape the first coefficient of the parabola that fits the misses in

time curve. It indicates whether the parabola is skinny
or wide

B.0.14 Hand Motor Metrics Category

The motor performance category consists of 12 features for each hand and 3 time

series features for each hand (total of 90 features)B.3. These features capture the

motor performance of the participants for each hand.

Table B.3: Preliminary features, hand motor metrics. N refers to the number of
features in the group.

N Name Description
22 Hand speed summary statistics of hand speed. Computed sepa-

rately for each hand.
2 Hand Area area of the hand movements. Computed separately for

each hand.
22 Same hand dis-

tance
summary statistics of the hand distance between hits.
Computed separately for each hand.

22 Time difference summary statistics of the difference in time between hits
made with one hand. Computed separately for each
hand.

2 LF hand speed low frequency of hand speed. Computed separately for
each hand.

2 HF hand speed high frequency of hand speed. Computed separately for
each hand.

2 LF hand move-
ments horizontally

low frequency of hand movements horizontally. Com-
puted separately for each hand.

Continued on next page
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Table B.3 – Continued from previous page
N Name Description
2 HF hand move-

ments horizontally
high frequency of hand movements horizontally. Com-
puted separately for each hand.

2 LF hand move-
ments vertically

low frequency of hand movements vertically. Computed
separately for each hand.

2 HF hand move-
ments vertically

high frequency of hand movements vertically. Com-
puted separately for each hand.

2 Frequent area most frequently visited area of the one hand. Computed
separately for each hand.

2 Stationary area area where hand remains stationary. Computed sepa-
rately for each hand.

2 Hand spread verti-
cally

spread of the hand movements vertically. Computed
separately for each hand.

2 Hand spread hori-
zontally

spread of the hand movements horizontally. Computed
separately for each hand.

2 Number of peaks number of peaks in vertical hand movements. Com-
puted separately for each hand.

B.0.15 Bimanual Motor Performance Category

The bimanual motor performance category contains 11 featuresB.4. These features

capture the bimanual motor performance of the participants. Given two features

computed for right and left hands, the bias is calculated as in equation B.1, where

R is the feature value of the right hand (e.g. mean right hand speed) and L is the

feature value of the left hand (e.g. mean left hand speed).

bias =
R− L

R + L
(B.1)



217

Table B.4: Preliminary features, bimanual motor performance category. N refers to
the number of features in the group.

N Name Description
1 Hand speed bias bias of the mean hand speed.
1 Hand Area bias bias of the area of the hand movements.
1 Same hand dis-

tance bias
bias of mean hand distance between hits.

1 Time difference
bias

bias of the mean difference in time between hits.

1 Hand cross bias bias of the hand cross feature. Please see Hand cross R
and Hand cross L under the Motor Coordination cate-
gory.

1 Hand bias bias between total number of hits made with dominant
and non-dominant hand.

1 Joint coordination
bias

bias between the DTW acceleration of the dominant
and non-dominant arm

1 LF hand move-
ments horizontally
bias

bias of low frequency of hand movements horizontally

1 LF hand move-
ments vertically
bias

bias of low frequency of hand movements vertically

1 Frequent area bias bias of the most frequently visited area
1 Stationary area

bias
bias of area where hands remain stationary

B.0.16 Hand Coordination Category

The hand coordination category contains 17 features, 4 of which are time series (total

of 57 features) B.5. These features capture the ability of the participants to inter-

changeably use both hands to hit the targets.
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Table B.5: Preliminary features, hand coordination category. N refers to the number
of features in the group.

N Name Description
11 Time difference summary statistics of difference in time between a suc-

cessful hit made with one hand followed by a successful
hit made with the other hand.

11 Time difference
weighted

summary statistics of difference in time between a suc-
cessful hit made with one hand followed by a successful
hit made with the other hand. The values are weighted
by the bin in which the hit was made. Bins that are fur-
ther away from the center are harder to hit and therefore
have more weight.

1 Normalized time
difference

normalized mean time between a hit made with one
hand followed by a hit with the other hand. It is the
mean time difference divided by hand cross (see below).

11 Hand distance summary statistics of distance between hands when suc-
cessful hits made with either hand.

1 Hand distance
times time differ-
ence

hand distance multiplied by time difference.

11 Bimanual time dif-
ference

summary statistics of difference in time between suc-
cessful hits made with either hand.

1 Hand switches number of times a hit made with one hand is followed
by a hit with another hand.

1 Normalized hand
switches

number of times a hit made with one hand is followed
by a hit with another hand divided by total number of
successful hits.

1 Hand cross sum of absolute difference between successful hits made
by the right and left hands in bins where both hands
made hits.

1 Hand cross R sum of absolute difference between successful hits made
by the right and left hands in bins where both hands
made hits and in bins 9-10.

1 Hand cross L sum of absolute difference between successful hits made
by the right and left hands in bins where both hands
made hits and in bins 1-2.

1 Min hand cross minimum of the Hand cross R and Hand cross L.

Continued on next page
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Table B.5 – Continued from previous page
N Name Description
1 Number of flips number of flips (consecutive changes from right hand

hit to left hand hit and vice versa) in each bin. Misses
are not ignored.

1 Number of flips
weighted

number of flips in each bin weighted by distance from
the center. Flips made further from the center have
more weight.

1 Number of flips
timed

number of flips in each bin weighted by time. Flips
made further in time have more weight.

1 Number of flips
weighted and
timed

number of flips in each bin weighted by time and dis-
tance from the center. Flips made further from the
center and further in time have more weight.

1 Hand overlap number of times two successive balls were made with
different hands in a given bin (i.e. ball hit by left hand
and the next successful ball hit in the same bin was
with the right hand, or vice versa) divided by the total
number of hits.

B.0.17 Joint Kinematics Category

The joint kinematics category contains 21 features computed for each hand, 6 of which

are time series (total of 162 features) B.6. These features capture the joint kinematic

performance of the participants. Based on observations, most of the differences in

performance between control and stroke participants occured after the first 30 seconds

of the task. Therefore, the summary statistics for the shoulder/elbow angle, velocity

and acceleration were computed starting at the 6000-th time frame (after first 30

seconds).
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Table B.6: Preliminary features, joint kinematics category. N refers to the number of
features in the group.

N Name Description
22 Shoulder angle summary statistics for the shoulder angle after the first

30 seconds of the task. Computed separately for each
shoulder.

22 Elbow angle summary statistics for the elbow angle after the first 30
seconds of the task. Computed separately for each arm.

22 Shoulder velocity summary statistics for the shoulder velocity after the
first 30 seconds of the task. Computed separately for
each shoulder.

22 Elbow velocity summary statistics for the elbow velocity after the first
30 seconds of the task. Computed separately for each
arm.

22 Shoulder accelera-
tion

summary statistics for the shoulder acceleration after
the first 30 seconds of the task. Computed separately
for each shoulder.

22 Elbow accelera-
tion

summary statistics for the elbow acceleration after the
first 30 seconds of the task. Computed separately for
each arm.

2 Shoulder angle in-
crease

slope of the increase in the shoulder angle from the be-
ginning until the end of the task. Computed separately
for each arm.

2 Elbow angle in-
crease

slope of the increase in the shoulder angle from the be-
ginning until the end of the task.Computed separately
for each arm.

2 Shoulder velocity
increase

slope of the increase in the velocity from the beginning
until the end of the task. Computed separately for each
arm.

2 Elbow velocity in-
crease

slope of the increase in the velocity from the beginning
until the end of the task. Computed separately for each
arm.

2 Shoulder accelera-
tion increase

slope of the increase in the acceleration from the begin-
ning until the end of the task. Computed separately for
each arm.

2 Elbow accelera-
tion increase

slope of the increase in the acceleration from the begin-
ning until the end of the task. Computed separately for
each arm.

Continued on next page
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Table B.6 – Continued from previous page
N Name Description
2 Angle MI the coordination between shoulder and elbow, com-

puted via maximum mutual information between the
shoulder and elbow angles in a sliding 20 time frame
window (100ms). Computed separately for each side of
the body.

2 Velocity MI the coordination between shoulder and elbow, com-
puted via maximum mutual information between the
shoulder and elbow velocities in a sliding 20 time frame
window (100ms). Computed separately for each side of
the body.

2 Acceleration MI the coordination between shoulder and elbow, com-
puted via maximum mutual information between the
shoulder and elbow acceleration in a sliding 20 time
frame window (100ms). Computed separately for each
side of the body.

2 Angle DTW the coordination between shoulder and elbow, com-
puted via dynamic time warping algorithm between the
shoulder and elbow angles in a sliding 20 time frame
window (100ms). Computed separately for each side of
the body.

2 Velocity DTW the coordination between shoulder and elbow, com-
puted via dynamic time warping algorithm between the
shoulder and elbow velocities in a sliding 20 time frame
window (100ms). Computed separately for each side of
the body.

2 Acceleration
DTW

the coordination between shoulder and elbow, com-
puted via dynamic time warping algorithm between the
shoulder and elbow acceleration in a sliding 20 time
frame window (100ms). Computed separately for each
side of the body.

2 Angle x-corr the coordination between shoulder and elbow, com-
puted via cross correlation between the shoulder and
elbow angles. Computed separately for each side of the
body.

Continued on next page
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Table B.6 – Continued from previous page
N Name Description
2 Velocity x-corr the coordination between shoulder and elbow, com-

puted via cross correlation between the shoulder and
elbow velocities. Computed separately for each side of
the body.

2 Acceleration
x-corr

the coordination between shoulder and elbow, com-
puted via cross correlation between the shoulder and
elbow acceleration. Computed separately for each side
of the body.
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Appendix C

Additional Figures of Results

This Appendix presents additional figures of various analyzes done in this thesis.

C.1 Regression Analysis Results

The regression analysis was performed to identify features that are affected by partic-

ipant’s age using control data only. The analysis of Object Hit task results identified

4 features to have age dependence for the OH task and 2 features for the OHA task.

The following FiguresC.1, C.2 and C.3 show the data for the affected features with

respect to age. The 5%, 50% and 95% quantiles are shown as black, dashed lines.

For features that also showed dependency on the sex of the participant, the male

participants are represented as blue squares and female participants are shown as red

triangles.

C.2 Group Results

This section present figures for the rest of the selected features that were not shown in

the Results chapter. FigureC.4A shows the Time Difference of the right vs. left hand.
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Figure C.1: Regression model fit for age affected features for Object Hit task. Fea-
tures that have sex differences are separated into Female (left column,
red triangles) and Male (right column, blue rectangles) groups. A) Hit
percentage. B) Area M1. C)Number of hand switches. For visualiza-
tion, the regression model was reverse-transformed for the features that
required normalization (Hit Percentage and Area M1).
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Figure C.2: Regression model fit for age affected features for Object Hit task. Fea-
tures that have sex differences are separated into Female (left column,
red triangles) and Male (right column, blue rectangles) groups. A) Hand
Cross of the dominant hand. B) Hand Cross of the non-dominant hand.
C)Miss bias.

For better visualization, the plot was trimmed. As a result, 4 stroke participants

with visuospatial neglect were cut out from the top of the plot. The figure has three

noticeable groups - control, RA and LA participants. Some of the stroke participants

show bimanual deficits with high time difference recorded for both hands.

FigureC.4B presents the DTW acceleration of the left limb (control) or the af-

fected limb (stroke) vs. hits per second feature. Control participants form a group on

the top of the graph with high hits per second rate and DTW acceleration ranging

from about 0.2 to 0.5 for most of the participants. Majority of the stroke participants

showed lower hits per second rate than the control participants. There are few stroke

participants (notable one RA participant) with similar hits per second rate as con-

trols but smaller DTW acceleration. This means that these participants have highly

similar acceleration changes between elbow and shoulder and suggests presence of

muscle synergies. Interesting to note, most of the LA participants with visuospatial
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Figure C.3: Regression model fit for age affected features for the Object Hit and
Avoid task. A) Hit Percentage for small targets B) Hit Percentage for
tall targets

neglect were in the 0.2−0.4 range of values for the DTW acceleration.

FigureC.5A presents Hand Transition vs Speed Bias. The speed bias separates

almost all LA participants into the top right and left quadrant, RA participants into

the lower left and right quadrant and control participants form a cluster just off the

center. FigureC.5B shows the Time Difference Weighted vs. Area Under Curve M1.

Majority of stroke participants could not cope with the increasing difficulty already

in the first half of the task (high AUC M1) even if they were able to frequently change
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Figure C.4: Group performance for selected features for Object Hit task. A) Median
time difference between hits for the right and left hand. B) hits per
second vs DTW acceleration of left limb (control group) or the affected
limb (stroke group). Control participants are represented as green open
circles, right-affected participants are the red, right-pointing triangles
and left-affected participants are shown as blue, left-pointing triangles.
Participants with visuospatial neglect are denoted by filled triangles.
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hands to hit the balls (low time difference).

Last Figure C.6 presents the MAD elbow acceleration for the right vs left limb.

The MAD of the right and left elbow accelerations for control participants were highly

correlated (r = 0.86), indicating that viability of the acceleration was similar for

both limbs. However, participants with stroke usually displayed asymmetric elbow

acceleration with the affected limb typically having less variability than their less

affected limb. This asymmetry was particularly predominant for the LA participants

with visuospatial neglect (FigureC.6, filled blue triangles). There was a noticeable

number of stroke participants that showed a bimanual impairment. It was reflected

in equally low variability in elbow acceleration for both limbs as compared to the

control group (red and blue triangles close to the symmetry line in the bottom right

corner of the graph).
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Figure C.5: Participant performance for selected features. A) Hand Transition vs
Speed Bias. B) Time Difference Weighted vs. Area Under Curve M1.
Control participants are represented as green open circles, right-affected
participants are the red, right-pointing triangles and left-affected par-
ticipants are shown as blue, left-pointing triangles. Participants with
visuospatial neglect are denoted by filled triangles.
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Figure C.6: Participant performance for selected features. MAD elbow acceleration
for the right vs left limb. Control participants are represented as green
open circles, right-affected participants are the red, right-pointing trian-
gles and left-affected participants are shown as blue, left-pointing trian-
gles. Participants with visuospatial neglect are denoted by filled triangles.
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Appendix D

Copyright Permission
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Figure D.1


