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Abstract

Stroke is a leading cause of death and permanent disability worldwide, aﬀecting millions of individuals. Traditional clinical scores for assessment of stroke-related impairments are inherently subjective and limited by inter-rater and intra-rater reliability,
as well as floor and ceiling eﬀects. In contrast, robotic technologies provide objective, highly repeatable tools for quantification of neurological impairments following
stroke.
KINARM is an exoskeleton robotic device that provides objective, reliable tools for
assessment of sensorimotor, proprioceptive and cognitive brain function by means of
a battery of behavioral tasks. As such, KINARM is particularly useful for assessment
of neurological impairments following stroke.
This thesis introduces a computational framework for assessment of neurological
impairments using the data provided by KINARM. This is done by achieving two main
objectives. First, to investigate how robotic measurements can be used to estimate
current and future abilities to perform daily activities for subjects with stroke. We are
able to predict clinical scores related to activities of daily living at present and future
time points using a set of robotic biomarkers. The findings of this analysis provide a
proof of principle that robotic evaluation can be an eﬀective tool for clinical decision
support and target-based rehabilitation therapy.
i

The second main objective of this thesis is to address the emerging problem of
long assessment time, which can potentially lead to fatigue when assessing subjects
with stroke. To address this issue, we examine two time reduction strategies. The
first strategy focuses on task selection, whereby KINARM tasks are arranged in a
hierarchical structure so that an earlier task in the assessment procedure can be used
to decide whether or not subsequent tasks should be performed. The second strategy focuses on time reduction on the longest two individual KINARM tasks. Both
reduction strategies are shown to provide significant time savings, ranging from 30%
to 90% using task selection and 50% using individual task reductions, thereby establishing a framework for reduction of assessment time on a broader set of KINARM
tasks. All in all, findings of this thesis establish an improved platform for diagnosis
and prognosis of stroke using robot-based biomarkers.

ii
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Chapter 1
Introduction

1.1

Motivation

Stroke is a leading cause of death and permanent disability worldwide [109]. Statistics
from the World Health Organization report that each year approximately 15 million
individuals suﬀer stroke [1]. Out of these, about 5 million individuals die and another
5 million are left with permanent disabilities such as sensorimotor or proprioceptive
impairments in upper and lower limbs [1]. Due to long hospitalization time required
post-stroke, occurrences of stroke place a significant financial load on the health care
system.
Many studies in the literature highlight the fact that the potential for functional
recovery is higher in the first few days and weeks following stroke [154, 44]. Therefore,
the appropriate course of therapy is best achieved in a short time frame following
stroke. As a consequence, clinicians have only a limited time to assess the damage
to the brain and decide on the appropriate course of therapeutic intervention. Any
delays in the process of stroke assessment can, in turn, lead to delays in the course
of treatment despite evidence for the importance of early rehabilitation [13]. This
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underscores the need for accurate and eﬃcient tools for assessment of functional
impairments post-stroke.
Traditionally, stroke assessment is performed by a clinician based on visual or
physical examination of the patient. These scores suﬀer from a number of shortcomings including lack of resolution, floor and ceiling eﬀects and limited inter-rater
reliability [135]. The ceiling eﬀect refers to the problem of a particular subject attaining a perfect score for a particular test, even though they do not necessarily have
perfectly healthy motor or sensory skills. The floor eﬀect refers to the problem of
an individual obtaining the minimum score on a clinical test, despite the presence of
some motor or sensory abilities. Many studies have highlighted the need for improved
assessment methods for eﬀective stroke rehabilitation [135, 158, 98]. An accurate, reliable and objective assessment of neurological impairments resulting from stroke can
provide a basis for rehabilitation programs to target specific patient deficits and, in
turn, to maximize the benefits of rehabilitation therapy.
As an alternative to traditional clinical assessment methods, advanced robotic
technologies capable of recording objective, highly reliable data for assessment of
brain impairments have been developed [135]. An important value of robots is their
ability to accurately and objectively quantify limb motion. Another advantage of
robots is their ability to control limb movements and apply mechanical loads. This
can be performed so that it simulates some properties of real world tasks such as
contact with a ball or sudden mechanical perturbations. Furthermore, robots can be
augmented with virtual reality systems and visual representation tools. This is often
in the form of a computer monitor displaying visual targets coupled with robot-based
feedback indicating the limb position. The augmented system allows the limb position
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to be viewed directly together with the visual stimuli.
KINARM (BKIN Technologies, Kingston, ON) [134] is a robotic device that quantifies many areas of brain dysfunction such as sensorimotor, proprioceptive and cognitive deficits using a set of behavioral tasks. The data provided by the tasks on
the robot can potentially be used as diagnostic and prognostic tools for diﬀerent
neurological deficits and disorders.

1.2

Objective

The objective of this thesis is twofold. The first objective concerns the use of robotbased measures for prediction of clinical outcomes. This objective is achieved by using
robotic technologies to quantify a range of behavioral capabilities of individuals poststroke, providing a rich set of Biomarkers of sensory and motor dysfunction, and then
to use computational models to estimate present and future clinical scores and identify
biomarkers that best predict the ability of subjects with stroke to perform daily
activities prior to and following rehabilitation. To achieve this objective, data from
a number of behavioral task were used on the KINARM robot including a visually
guided reaching task for assessment of motor function, an arm position matching
task for assessment of sensory function, and a bimanual ball drop object hit task for
assessment of rapid motor skills.
The second objective is to address the potential problem that assessment can
take a long time on the KINARM robot. To address this issue, two time-reduction
strategies are proposed. The first strategy involves designing a task selection hierarchy
that allows the selection of later tasks in the hierarchy based on the analysis of earlier
tasks. The second strategy is to shorten the length of time on individual tasks in the
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current KINARM assessment protocol, focusing on two tasks that are currently the
longest on the robot. The two tasks are designed for assessment of motor and sensory
deficits. Results of the analysis can be used to shorten the current tasks by limiting
the number of targets and trials.

1.3

Contributions

The contributions of this thesis are as follows:
1. Building predictive models for current and future abilities to perform daily activities. This thesis demonstrates that data collected using robotic technology can be
used to construct models that objectively predict a set of clinical scores including the
Functional Independence Measure (FIM). These models provide accurate estimates
of the scores for both present and future scores. Findings of the study highlight that
robot-based metrics provide an accurate estimate of future FIM scores, in line with
estimates provided by clinical scores at approximately 2 weeks post-stroke. Findings
of this research provide a proof of principle for use of robotic tools in clinical decision
support for stroke diagnosis and prognosis.
2. Identification of robotic biomarkers for prediction of clinical scores. Biomarkers
generated from a set of three behavioral robotic tasks are used to estimate measures
of daily activities (as measured by FIM) pre- and post-rehabilitation as well as prediction of other clinical scores assessed at the same time point as the robotic evaluation.
The analysis of the robot-based biomarkers highlight that parameters related to proprioception are influential for predicting FIM at 2 weeks, whereas biomarkers related
to bimanual motor function are influential for predicting FIM scores at 3 months.
Identification of these biomarkers can potentially be used as a guide for targeted
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rehabilitation therapy.
3. Reduction of assessment time using hierarchical task selection. To address
the emerging problem of long assessment time on KINARM, this thesis proposes a
hierarchical task selection strategy. To meet this objective, this thesis investigates
how non-linear hierarchical ordering theory can be applied to determine the ordering
on a set of five tasks on the KINARM exoskeleton robot. Evaluation is based on
ordering theory, which identifies dependencies between the robotic tasks. Furthermore, a modeling technique, known as FOS, is used to assess the predictive power
of each robotic task for estimation of other task parameters and for prediction of a
set of standard clinical scores using robot-based metrics. Based on the results of the
analysis, a hierarchical task selection strategy for the KINARM assessment protocol
is proposed and the potential eﬃciencies that it provides are discussed.
4. Reduction of assessment time for individual tasks: visually guided reaching
task. An alternative strategy for reduction of assessment time is proposed that focuses on reduction of assessment time on individual KINARM tasks. In particular,
the feasibility of time reduction on the visually guided reaching task, which is the
longest task in the KINARM assessment under its current protocol (approximately
15 minutes to complete for both arms) is examined. To achieve this objective, this
thesis investigates robot-measured parameters under alternate schemes with significantly smaller number of trials and targets. Results of the study are validated by
addressing an important diagnostic question using an SVM classifier, showing that
the alternative schemes provide nearly identical performance in terms of classification
sensitivity, specificity and accuracy.
5. Reduction of assessment time for individual tasks: arm position matching
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task. This thesis analyzes the feasibility of reducing the time to perform the arm
position matching task as a strategy to shorten the overall assessment time. To
achieve this goal, a reduction in the number of task targets is proposed from the
current 9 targets (54 trials in total) to 4 targets (24 trials in total). The reduction
strategy is validated by comparing the classification performance for separation of
stroke and control subjects.

1.4

Organization of Thesis

Chapter 2 presents the background material for this thesis. The chapter first provides a general introduction to stroke, covering diﬀerent types of stroke and strokerelated deficits. This is followed by a general introduction to stroke assessment and its
associated requirements. The chapter then covers the current clinical gold standards
for stroke assessment and discusses their limitations. It then provides an overview of
the current robotic technologies used for stroke assessment and rehabilitation. The
chapter ends by a literature survey of the related work to this thesis and a summary
of the current challenges in the area of robotic stroke assessment.
Chapter 3 provides the details of data collection using the KINARM robotic
device, and the robotic tasks, associated parameters and data that are used in this
thesis.
Chapter 4 describes the framework for identification of robotic biomarkers for
prediction of functional clinical outcomes. The chapter covers the methodological
framework for establishing the models and identification of robing biomarkers. The
chapter then presents the results of our analysis, which includes estimation of functional outcomes at 2 weeks and 3 months post stroke and the identified robotic
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biomarkers for all predictions. The chapter further discusses the significance of the
findings of the study by comparison to other similar studies in the literature.
Chapter 5 presents the hierarchical task selection for KINARM. It begins by
providing the motivation for time reduction and a review of similar approaches in the
clinical literature. The chapter then covers details of ordering theory, which is used
for the inference of the task hierarchy. The chapter then provides the results and a
discussion on the findings of the study, which includes a hierarchical task selection
strategy for the KINARM assessment protocol and the potential eﬃciencies that the
hierarchy provides.
Chapter 6 focuses on the time reduction analysis for individual tasks, particularly
the longest two tasks, on the KINARM assessment protocol: visually guided reaching
and arm position matching tasks. The chapter then covers the results of analysis,
followed by a discussion of the findings for both tasks. This chapter concludes with
some final remarks about the feasibility of the reduction on these two KINARM tasks.
Chapter 7 summarizes the findings of this thesis and concludes by providing a
number of avenues to extend the current work for future research.

8

Chapter 2
Background

This chapter covers the background material for this thesis. First, a general introduction to stroke is provided, covering diﬀerent types of stroke and stroke-related
deficits. This is followed by a general introduction to stroke assessment and its associated requirements. The chapter then covers the current clinical gold standards
for stroke assessment and discusses their limitations. It then provides an overview of
the current robotic technologies used for stroke assessment and rehabilitation. The
chapter ends by a literature survey of the related work for this thesis and a summary
of the current challenges in the area of robotic stroke assessment and rehabilitation.

2.1

Stroke

Stroke is a damage to the central nervous system, which is caused by the interruption
of blood flow to the brain tissue [116, 36]. The loss of blood flow, in turn, causes
shortage of oxygen in the neural cells. This can lead to neuron death within 60-90
seconds. The severity of injury to the brain can widely vary depending on the size and
location of the lesion, and can impact a wide range of sensory, motor and cognitive
functions [46]. There are two types of stroke: Ischemic and Hemorrhagic.
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Ischemic strokes are caused by an interruption of blood flow due to atherosclerosis,
embolism or small vessel disease. Approximately 80-85 % of all strokes are ischemic
injuries [36]. An ischemic stroke often causes damage to two zones: a core zone with
most severely aﬀected tissues where neurons die, and an outer region which includes
mildly aﬀected tissues called the Penumbra [65]. Tissues within the penumbra often
remain alive for several hours after stroke due to a weak blood flow provided by
collateral arteries.
A hemorrhagic stroke happens as a result of rupture of blood vessels often caused
by high blood pressure or amyloid angiopathy [71]. There are three mechanisms by
which a hemorrhagic stroke damages the neurons and the brain tissue: compression of
brain tissue by blood clots, loss of blood pressure, or toxicity by released blood [127].
These can lead to a rapid rise of local tissue pressure, which causes the disruption of
blood flow in the aﬀected areas and ultimately leads to cell death [54].
Researchers have identified a number of potential risk factors associated with
stroke. Modifiable risk factors include high blood pressure or cholesterol level, smoking and diabetes history [9]. Non-modifiable risk factors include age, genetic factors,
previous stroke or heart attacks [36]. While stroke can happen independent of gender
and at any age, the rate of risk for a stroke attack doubles every 10 years after the
age of 55 [128].

2.1.1

Stroke Statistics

Stroke is one of the leading causes of death and permanent disability worldwide
[147]. In the United States alone, there are as many as 550,000 hospitalizations and
150,000 reports of death as a result of stroke every year. Also in Canada, more than

2.1. STROKE

10

13,000 individuals die as a result of stroke every year, which accounts for about 7%
of all deaths and an estimated 400,000 Canadians are living with long-term stroke
disabilities [3]. The average length of hospitalization for stroke survivors is 17 days
in Canada [36], which is longer compared to patients with other diseases. Stroke is
also one of the leading causes of permanent or long-term disability, which requires
stroke survivors to undergo some form of rehabilitation to enable them to overcome
their physical or mental disabilities.
Long hospitalization periods and the required rehabilitation process after stroke
place a significant burden in terms of direct economic costs on the health care system.
Indirect cost of stroke is usually associated with the loss of economic earnings of stroke
survivors. In the United states, the economic burden of stroke is estimated to be $30
billion every year: $17 billion in direct medical costs and $13 billion in indirect costs
associated with lost earnings [147]. In Canada, health-care costs for patients in just
the first six months after they have a stroke is estimated to exceed $2.5 billion/year
[3].

2.1.2

Stroke-Related Deficits and Recovery

The severity of damage to a patient’s brain tissues varies depending on the brain
hemisphere, size and location of the lesion. The damage caused to the brain may lead
to the patient’s death or chronic conditions such as sensorimotor, proprioceptive or
cognitive impairments in upper and lower limbs [4, 41]. Sensorimotor Impairments
refer to deficits in the motor system that may aﬀect strength, muscle stretch reflexes,
motor coordination, and range of motion. Proprioception refers to the perception
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of position, motion and force generated by the body based on the sensory information from muscles, joints and motor commands [27, 126]. Cognition refers to the
neural abilities required for awareness, attention, memory, language, reasoning, and
judgement [49]. Although there is a high level of specialization in diﬀerent areas of
the brain in terms of body function, diﬀerent aspects of behavior are achieved by
coordination of networks involving many brain regions. This means that a small, localized stroke may lead to a number of diﬀerent impairments. Common impairments
following stroke may involve functional diﬃculties associated with diﬀerent aspects
of brain function. These include impairments such as muscle weakness, coordination
diﬃculties, reduced sense of vision, position, hearing or touch, as well as problems
associated with communication, reasoning and problem solving.
Functional recovery following stroke is quantified by changes in motor, sensory and
cognitive function. Functional recovery can be a result of return of brain function
(“true” recovery) or can be achieved by compensatory mechanisms. “True” recovery
is achieved by restoration of damaged brain structures, which leads to “reappearance
of elemental motor patterns present prior to central nervous system injury” [101].
On the other hand, compensatory mechanisms is characterized as “the appearance
of new motor patterns resulting from the adaptation of remaining motor elements
or substitution, meaning that functions are taken over, replaced, or substituted by
diﬀerent end eﬀectors or body segments.” [101]. If the objective of a stroke assessment
is to quantify routine task accomplishments, it is often very diﬃcult to diﬀerentiate
between “true” recovery and compensatory mechanisms [101].
A number of studies have concluded that a substantial portion of functional recovery is completed in the early weeks and month following stroke [44, 154]. This means
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that clinicians only have a limited time window to assess the damage to the brain
and decide on a course of rehabilitation treatment that reduces the damage to the
brain, thus maximizing the chances of patients to return to their pre-stroke abilities.
The rehabilitation treatment is usually focused on targeted areas which are assumed
to be aﬀected. The overall success of this rehabilitation process and the length of
treatment are determined by continued observation and assessment of stroke subjects
on a set of traditional clinical metrics [135].

2.2

Stroke Assessment

The world health organization has categorized disabilityinto three levels: impairment, activity limitation (previously known as Disability) and participation restrictions [121]. Whereas impairment generally refers to change in a particular function
of the brain (e.g., loss of vision), activity limitation denotes the (in)ability of an
individual to perform their activities of daily living (e.g., grooming). Participation
restrictions refer to problems related to life situations (e.g., ability to work and maintain employment). The traditional clinical metrics for assessment of stroke quantify
both impairments and activity limitations. In clinical practice, identification and
quantification of impairments and activity limitations are an important first step
that drive the post-stroke health care decisions.
Ideally, an eﬀective neurological assessment protocol should satisfy a number of
requirements: (i) it should be quantified on an objective basis, measured on a continuous scale with no Floor eﬀect and Ceiling eﬀect eﬀects; (ii) it should be reliable both
between and within diﬀerent observers; (iii) it should be easy and quick to use and
administer, with widely available apparatus; and (iv) it should be sensitive (correctly
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identify actual positives) and specific (correctly identify actual negatives) [135]. We
will discuss some of these requirements in more detail below.

2.2.1

Requirements for Stroke Assessment

Reliability
The reliability of a clinical assessment is characterized by the ability to obtain similar results for repeated measurements of the same procedure [46, 164]. Test-retest
reliability measures the ability of the same individual to re-administer the clinical
procedure over time. Inter-rater reliability is the measure of the same test repeated
by two diﬀerent individuals. A reliable clinical test should produce similar results
independent of the individual performing the clinical assessment procedure. High
values of reliability scores is an important requirement for an assessment because it is
a measure of the consistency of the score across clinicians. In the clinical literature,
inter-rater reliability scores indicating correlation values between 0.6 and 0.8 are considered good, and values above 0.8 are considered as excellent agreement across two
diﬀerent raters [96].

Validity
The validity of a clinical test is defined as the ability of the clinical test to measure
what is intended to be quantified by the test. Therefore, the test should report a score
consistent with the functional abilities of the individual being assessed. As such, if
a low value on the test is intended to indicate poor function, a low test score should
always be assigned to subjects with severe functional disability. In such a case the
test is said to be valid [164]. Likewise, if a low score is assigned to a subject who has
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no or little disability, the clinical test is not valid. Concurrent validity of clinical tests
is often established by comparison of new test scores to already established clinical
scores performed concurrently [63].

Responsiveness
The responsiveness of a clinical test is defined as its ability to detect clinical changes
over a period of time (often recovery period) [46]. If the functional abilities of a subject
with stroke actually changes over time, the clinical test should be able to detect
these small but clinically important changes. On the other hand, if the individual’s
functional ability has little or no change, the clinical assessment should also report
little change [63].

Assessment time and cost
Fatigue is generally an issue with any assessment procedure that involves stroke survivors. This is particularly of concern for clinical assessments, because a long assessment could lead to the subjects’ fatigue and as a result the assessment may not truly
reflect the participants’ functional or clinical abilities. A long assessment procedure
could also have consequences in terms of health care costs associated with the human
and clinical resources. In designing an assessment protocol, it is important to make
it eﬃcient in terms of time and operation costs.

2.3

Clinical Methods for Stroke Assessment

In clinical practice, there are a standard set of tests designed for assessment of impairments and activity limitations following stroke. These tests are generally shown
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to satisfy the requirements for an assessment procedure as described in the previous
section. We will cover some of these standard tests that are used in this thesis below.

2.3.1

Functional Independence Measure (FIM)

FIM is the clinical gold standard for assessment of a subject’s ability to perform activities of daily living (ADL) [122]. FIM evaluates 18 ADLs rated on a 1-7 ordinal scale,
ranging from full dependence (1) to full independence with no required assistance
(7) to complete the 18 tasks. The maximum total score is 126 (18*7), suggestive of
complete functional independence, and the minimum is 18 (18*1) indicating complete
dependence. The 18 ADLs are categorized into 13 motor items (assessing personal
care, mobility, locomotion, and sphincter control) and 5 cognitive items (assessing
communication and social cognition). The maximum total score for the collection of
motor items is 91 (13*7). The scales corresponding to the 18 tasks (maximum 126)
and motor 13 tasks (maximum 91) are referred to as Total-FIM and Motor-FIM,
respectively and they are summarized in Appendix A.
Good construct and correct validity has been established for FIM [15]. FIM also
correlates with the time taken for care [40]. Ottenbacher et al. [122] performed a
survey of 11 articles that investigated the reliability of the FIM and reported median
correlation coeﬃcients between total scores equal to 0.95 for inter-rater reliability,
0.95 for test re-test reliability, and 0.92 for equivalence reliability. Moreover, FIM
score is reported to have predictive usefulness. In a study by Ween et al. [156], stroke
subjects with a FIM score of ≥ 70 at the time of admission have been reported to be
associated with achieving non-dependence, whereas those with an admission score of
≤ 50 remained dependent after discharge from hospital.
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Chedoke McMaster Score

The Chedoke-McMaster Score [57] is comprised of two subtests for assessment of both
activity limitations and impairments. The Chedoke-McMaster Assessment is a measure used to assess physical impairment and disability of stroke and other neurological
impairments [57]. It is comprised of two components: the impairment inventory and
the activity inventory. The impairment inventory determines the presence and severity of physical impairments in the six dimensions of shoulder, postural control, arm,
hand, foot, and leg. These are quantified in a seven point staging system. The activity inventory measures functional ability. The items of the activity inventory are
scored in a manner similar to the FIM [58], where the amount of assistance needed
by the subject to complete the functional activity determines the scoring. The 7
stages of scoring for the arm impairment inventory of the Chedoke McMaster score
are summarized in Appendix B.
The activity inventory is comprised of two components: the Gross Motor Function Index (with items including moving in bed and transferring to a chair) and the
Walking Index (with items including walking on rough ground and climbing stairs).
The maximum score that a subject can obtain is 100 as there are 14 items with a
seven-point scale and a two point score awarded for age-appropriate walking distance.
The Chedoke-McMaster Assessment was originally developed for the assessment
of stroke subjects in rehabilitation settings. However, it has also been applied in a
wider range of application domains. The assessment has been shown to be a reliable
and valid measure of impairment and disability in subjects with stroke as early as one
week following stroke. The activity inventory has been shown to be a valid measure
of functional change in subjects in an acute neurological setting and for those with

2.3. CLINICAL METHODS FOR STROKE ASSESSMENT

17

acquired brain injury. Moreland et al. [112] performed a literature review to gather
evidence for a theoretical basis of the Chedoke-McMaster Stroke Assessment and
the authors were able to establish a theoretical basis underlying the contents of the
Chedoke-McMaster Stroke Assessment.

2.3.3

Fugl Meyer Assessment

The Fugl-Meyer Assessment (FMA) evaluates subjects in five diﬀerent domains, including sensory function, balance, and joint range of motion [45, 70]. A 3-point ordinal
scale is used to quantify the performance of stroke subjects (0 = unable; 1 = partial;
2 = performs fully) on 33 test items (maximum score = 66 points). Therefore, lower
scores correspond to a higher level of impairment. The FMA is able to detect changes
in subjects with severe to moderate motor impairments after stroke. This is in part
because it evaluates isolated joint movements rather than purely focusing on taskrelated measures. The FMA is a valid [56, 123, 159] and highly reliable [56, 123, 159]
assessment of upper limb impairments resulting from stroke. The Fugl-Meyer Assessment [56] is an example of the current clinical gold standard for assessment and
evaluation of functional impairments.

2.3.4

Purdue Pegboard Score

The Purdue Pegboard test is a measure of upper limb dexterity. The test is made up
of four diﬀerent components and each component has a time limit for completion. (i)
Right hand, with a 30 second time limit. The task instructions are to take one peg
at a time from a container and place it into one of the holes on a board as quickly
as possible using the right hand only. (ii) Left hand, instructions are identical to (i)
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with the same time limit except that it is completed using the left hand. (iii) Both
hands combined, with a 30 second time limit. Instructions are identical to (i) with
the same time limit except that it is completed using both hands. (iv) Assembly,
with a 60 second time limit. The task instructions ask the participant to use both
hands to assemble sequences of pins, collars, and washers on a board, one assemble
at a time. The score is expressed as the number of pegs correctly placed per 30
seconds. The entire test consisting of the four components takes less than 10 minutes
to complete, including the task instructions. Purdue Pegboard test is reported to
have good test-retest and inter-rater reliability [66, 117, 52], but is reported to suﬀer
from floor eﬀects for early stroke assessment [145].

2.3.5

Modified Ashworth Score

The modified Ashworth scale (MAS) is used for assessing tonal abnormalities in muscles [16]. Tone refers to the amount of tension within a muscle and in order for
smooth movement to occur, tone must be balanced throughout the muscles involved
in movement. Muscle tone is controlled neurally and stroke often impacts muscle
tone resulting in Spasticity. Spasticity is defined as a velocity dependent response
to passive muscle stretching [16]. MAS is a six-point ordinal scale that describes the
amount of resistance to passive muscle stretching by a clinical examiner. A score of
0 indicates normal muscle tone and a score of 5 indicates that spasticity is so severe
that the limb is rigidly fixed in flexion or extension.
Despite the good concurrent validity of the MAS [78], the inter-rater reliability of
the test is reported to be poor [14, 16]. Moreover, MAS also shows poor test-retest
reliability depending on the group of muscles that are examined [59].
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Behavioral Inattention Test

The Behavioral Inattention Test (BIT) [62] is a clinical assessment procedure, which
is used for diagnosis of visual Spatial neglect. The test is comprised of two sections:
conventional and behavioral. The conventional section consists of six sub-tests, which
includes the following: line crossing, letter cancelation, star cancelation, figure and
shape copying, line bisection and representational drawing. The behavioral section
is designed to assess a number of activities of daily living, which may be aﬀected
by visual neglect. The behavioral section is inspired by the Rivermead Behavioral
Inattention Test [158] and consists of nine sub-tests, which includes the following:
picture scanning, telephone dialing, menu reading, article reading, telling and setting
the time, coin sorting, address and sentence copying, map navigation and card sorting.
A description of each sub-test and their associated scoring routine are provided in
[158] in full detail.
The entire BIT assessment procedure takes approximately 40 minutes to complete.
The score on the conventional section of the BIT test ranges from 0-146, where a
score at or below 129 indicates presence of spatial neglect. In the present thesis, the
conventional part of the BIT test was used only. The BIT is known to have high
concurrent validity, inter-rater reliability and test-retest reliability [62, 158] and is
a widely used assessment procedure in clinical practice for determination of spatial
neglect.

2.4

Limitations of Clinical Stroke Assessment

Despite their established validity, reliability and predictive power, the above mentioned traditional clinical measures have associated limitations. First, these measures
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mostly rely on a clinician’s observation which is inherently subjective [135]. Moreover, the limited choice of numbers oﬀered in the ordinal scales used for these tests
introduces potential lack of resolution which implies that these measures of stroke
are not able to detect subtle but clinically important functional changes [135]. The
other inherent limitation associated with measures of impairment is that the tasks
performed in the clinical tests assess how well an individual performs an activity of
daily living (e.g., bathing), but tells us little about why they cannot perform the task
[135]. The ideal goal of rehabilitation is to re-establish the normal functions of the
brain. As such, it is important to record and assess the details of performance in a
task in order to be able to quantify the neurological impairments.
Other important limitations of the current clinical gold standards are reported
problems with floor or ceiling eﬀects (see e.g., [51] for Fugl-Meyer Assessment), and
long assessment time. The ceiling eﬀect refers to the problem of a particular subject
attaining a perfect score for a particular test, even though they do not necessarily
have perfectly healthy motor or sensory skills. In practice, long assessment time can
lead to the patients’ fatigue and potential delays in the completion of the assessment
procedure and delivery of treatment despite clinical evidence for importance of early
rehabilitation treatment [13], or totally discarding the assessment process.

2.5

Robotic Technologies for Stroke Assessment and Therapy

An ongoing area of research in the field of rehabilitation is the use of robotic technologies to assess neurological impairments and improve functional recovery after stroke.
To date, researchers have developed several robot-assisted tools that are used for
both rehabilitation and assessment purposes. These tools include devices specifically
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designed for a number of diﬀerent impairments, including deficits in upper extremity
motor control [68, 107], proprioception and position sense [43, 153, 133], gait [83, 85]
and wrist function [91, 110]. Accordingly, there have been several recent reviews of
these robotic systems that focus on particular impairments such as those of the upper
limb [21, 93], which highlight the clinical significance of using robotic therapy.
One important value of robots is their ability to accurately and objectively quantify limb motion. Robotic technologies that are used for the study of limb function
can be categorized as exoskeleton and end point robots. Exoskeleton robots are worn
by the subject and work in parallel with the joints of the body in such a way that the
joints of the subject and robot are aligned. Examples of exoskeleton robots include
KINARM Exoskeleton [43], Armeo [131, 132] and ARMin [108, 118]. These robots
can provide and record information about joint and hand movements during specifically designed tasks. End-point robots, on the other hand, are grasped and moved by
the subject’s hands. Compared to exoskeleton robots, end-point robots provide less
direct information about limb motion but they cost less and are easier to operate.
Examples of end point robots used for neurological assessment and rehabilitation include KINARM End Point, MIT-MANUS [91], ARM-Guide [124], REHAROB [148],
Reha-Slide [67] and Mirror Image Motion Enable [23].
One other important advantage of using robots is their ability to control limb
movements and apply mechanical loads. This can be done in such a way so that it
simulates some properties of real world tasks such as contact with a ball or sudden
mechanical perturbations. Furthermore, robots can be augmented with virtual reality
systems and visual representation tools. This is often in the form of a computer
monitor displaying visual targets coupled with robot-based feedback indicating the
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limb position. An augmented system allows the limb position to be viewed directly
together with the visual stimuli.
Given the above important advantages that robotic technologies provide, they
have been used as a versatile tool for the study of upper-limb motion both as an
assessment tool and in rehabilitation settings. The following two subsections cover
some of the state-of-the-art robotic technologies for rehabilitation and assessment.

2.5.1

Robotic Technologies for Rehabilitation

There is a great body of literature that supports the eﬀectiveness of intense rehabilitation therapy for returning of motor function following stroke [94, 95, 97]. Robotic
technologies allow highly repeated movements with recorded precision. This property
of robots is particularly well-suited for rehabilitation therapy after stroke. This has
the potential to change the traditional method for rehabilitation therapy based on a
one-on-one method under the supervision of a technician. This allows for the use of
robots as a rehabilitation tool with increased dose of therapy and optimized use of
therapists’ available time and resources.
A great majority of robotic devices developed for stroke therapy and diagnosis are
those that focus on upper extremity rehabilitation. Many of these robotic tools are
hands-on devices that are designed for performing specific tasks with the patients’
hand or arm. These devices are usually equipped with mechanical motors to generate
and apply assistive (or sometimes resistive) forces, sensors to detect and monitor
patient-applied forces, and a computing device and displaying facility to record the
data and display the progress. Depending on the particular choice of rehabilitation
therapy, the robot can apply forces to the limb in order to assist or resist the limb
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movement.
Some of the state-of-the-art robotic devices used in rehabilitation settings include the Assisted Rehabilitation and Measurement (ARM) Guide [76], Mirror Image
Movement Enabler (MIME) robotic device [105], and the Massachusetts Institute of
Technology (MIT)-Manus device [69], now commercialized as InMotion2.

2.5.2

Robotic Technologies for Assessment

Robotic technologies can be used to quantify functions of the brain that are classically
assessed during a physical examination. These features include muscle strength, range
of motion, spasticity and position sense. For instance, clinicians may use a hammer
tap to test reflexive behavior in a subject suﬀering from stroke. Over the course of the
past decade, robotic technologies have had an important impact on the expansion of
our basic knowledge of sensory, motor and cognitive function [60, 50, 86]. For instance,
the ability of robots to apply mechanical perturbations makes them an ideal tool for
quantification of reflexive behavior in a more accurate, objective way than quantified
with a hammer tap. In general, robotic technologies are an ideal framework for the
study of a wide range of proprioceptive, sensorimotor and cognitive deficits.
There are a number of technologies developed for assessment of upper-limb motor
[31, 17, 149] and sensory [99, 43] function, but some of these technologies such as [99]
are not fully automated and require manual adjustments of the upper limb. KINARM
is an Exoskeleton robot, which quantifies many areas of brain dysfunction for stroke
survivors using a set of behavioral tasks. The behavioral tasks performed on the
KINARM robot are used to assess sensorimotor, proprioceptive and cognitive brain
function. These tasks include, but are not limited to, a visually guided Reaching
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task task [31], limb proprioceptive tasks [43], limb kinesthetic tasks [136], bimanual
skill tasks [104], and a rapid target interception task [151]. We will cover the data
provided by this robot and the respective tasks in more detail in the next chapter.
Robotic technologies typically assess the upper-limb motor function using visually guided reaching movements (e.g. MIT-MANUS [91, 17] commercially known as
InMotion2, and KINARM [31]). This type of task consists of initially stabilizing the
hand at a starting position before identifying the location of a visual stimulus, and
starting and completing the reaching movement to this final position. Other features
of the motor system such as the range of motion, which is typically assessed during
a physical examination can be quantified using robotic technologies (e.g. ACT3D
device [47], MIT-MANUS [91] ).
Sense of position is assessed by moving the subjects’ arms to a spatial location and
assessing how that position is mirror-matched by the aﬀected arm of the individual
without the use of vision.
On top of motor and proprioceptive function, a third important function of the
brain is the ability to perform cognitive tasks. Cognition is the process by which
the human brain performs tasks such as speaking, memorization, reasoning, judgment, awareness and perception. With the lack of objective repetitive clinical tests
to quantify brain cognition, there have been some attempts to objectively quantify
some aspects of cognition. One example of such a technology is CANTAB (Cambridge
Neuropsychological Test Automated Battery; Cambridge Cognition, Cambridge, UK)
which has a touch-screen interface and is comprised of 20 automated tasks, designed
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to assess several skills ranging from simple movement tasks for quantification of reaction time, to more sophisticated tasks that assess spatial memory. Robotic technologies, combined with virtual reality systems, can also be used to quantify the rapid
decisional processes, which are often hard or even impossible to be examined using
traditional pen-and-paper clinical and psychological tests.
Robotic technologies provide a wealth of information on the hand and joint motions when performing specific tasks. This vast array of data is the ideal platform for
computational methods to uncover many diﬀerent aspects of brain function, including sensory, motor, and cognitive performance. As such, robotic technologies, when
combined with computational techniques, could potentially provide a new approach
to clinical assessment and rehabilitation. We will cover some of the studies that use
data provided by robotic technologies in the following section.

2.6

Related studies

Robotic technologies have played a critical role in expanding our knowledge of motor
and sensory functions of the brain, and increasing the eﬃciency and extent of care
for rehabilitation therapy among stroke patients. As such, these technologies can
be used as objective tools for quantification of diﬀerent areas of brain dysfunction,
thus providing patient-specific information for guidance of rehabilitation therapy for
diﬀerent neurological impairments. This section provides a review on the studies
that use data provided by robotic technologies for improved stroke assessment and
rehabilitation.
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Robotic Assessment of Neurological Impairments

A few studies have used data provided by robotic technologies to examine the ability of diﬀerent robotic tasks for assessment of neurological function following stroke.
Coderre et al. [31] used simple statistical analysis to show how a visually guided
reaching task on the KINARM robot (more details on this task will follow in the next
chapter) can be used to assess sensorimotor impairments in stroke subjects with mild
to severe stroke and compared their performance with healthy control subjects. The
study identifies a number of robotic metrics that separates more than 80% of leftaﬀected and 50% of right-aﬀected stroke subjects as statistically diﬀerent from controls. Another important finding of this study is that inter-limb diﬀerences provides
an important source of information for quantification of neurological impairments in
sensorimotor function after stroke. Additionally, comparison of robotic assessment
with a clinical assessment using the Chedoke-McMaster clinical assessment identifies
several subjects receiving a perfect score of 7 on the clinical test, who were having
deficits in their robotic task performance as compared to control subjects. This is
particularly promising as it shows the potential of robots for identification of subtle
clinical deficits that cannot be identified by solely relying on the traditional clinical
tests.
Dukelow et al. [43] used simple statistical analysis on data provided by the KINARM robot for assessment of sensorimotor impairments (known as the arm position
Matching task task, details fully covered in the next chapter) to quantify proprioceptive function of 45 subjects at approximately one month post stroke and compared
their performance against 65 age-matched healthy control subjects. The study identified a variety of deficits associated with proprioceptive function, including large
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trial-to-trial variability and spatial distortions of the entire target space (characterized by contraction/expansion of the target space and systematic shift). The study
reports high inter-rater reliability score for the variability parameters (correlation
values as high as 0.81), better than those previously reported using standard clinical
tools [102, 53]. Examples of similar studies that use data provided by other KINARM
robotic tasks include a ball drop Object Hit task for assessment of bimanual control
[151] as well as a ball on bar task for assessment of bimanual coordination [104].

2.6.2

Stroke vs. Control Classification

In many studies that attempt to perform discriminated analysis of stroke vs. control
subjects using robotic data, a major hurdle is that the performance of the derived classifier or comparison method is limited when using raw parameters directly extracted
from robotic tasks. Typical classification accuracy using raw parameters varies in the
range of 80-85%. Development of new features based on robotic parameters can further improve the classification performance. The newly developed features can either
be generated by recombination of the original existing robotic metrics or by directly
processing individual raw robotic metrics.
A study by Tyryshkin et al. [152] attempted to derive new features from robotic
data capable of accurately separating stroke and control subjects. The newly introduced features were based on the time series data obtained from the visually guided
reaching task on KINARM and included cross-correlation as well as frequency related parameters obtained by transforming the time series hand path data into the
frequency domain. Cross correlation was obtained by comparing the hand path trajectories to a straight line. Frequency analysis was used to detect very quick changes and
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variations in the hand movements, as these would result in a high level of frequency
activity. Evaluation of these new parameters shows that these three parameters identify a higher proportion of stroke subjects as abnormal compared to the best known
standard robotic metric previously identified in [31]. Moreover, out of a total of 13
stroke subjects with perfect Chedoke-McMaster score, the new parameters were able
to identify 10 subjects with abnormal behaviors. Once again, this characterizes the
ability of robots in identifying subtle clinical changes.
Another study that used computational techniques to modify robotic data for
improved classification of stroke and control subjects was done by Chalmers et al.
[28]. They used a k-nearest neighbor (KNN) classifier with a distance metric based
on dynamic time warping (DTW) to diﬀerentiate between stroke subjects and healthy
controls. The general hypothesis is that DTW assigns small distances to two stroke
hand path trajectories, and large distances when comparing stroke and healthy control
hand path trajectories. This measure of similarity was then used for classification
using a KNN classifier. Accuracy, specificity and sensitivity rates of 88%, 89%, and
87% were achieved using the data from the aﬀected side of stroke patients. The
study compares these results with those obtained using traditional robotic scales
such as reaction time, movement error, postural control and movement smoothness
for classification of subjects. The study concludes that using DTW to analyze hand
path trajectories provides statistically comparable results compared to traditional
robotic metrics. This is particularly significant since DTW only uses one measure of
similarity.
Two other studies [74, 75] attempted to obtain better classification performance
on robotic data by taking advantage of diﬀerent inherent attributes of the robotic
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tasks. One such attribute is diﬀerent performance of a particular subject in diﬀerent
directions of the reaching movement and diﬀerence of the two arms during a visually
guided reaching task. This allows for construction of a hierarchical ensemble model
that partitions the original dataset in diﬀerent directions and diﬀerent arms into
smaller subsets for each direction and arm. Each of the smaller datasets can be used to
train a subclassifier that generates a binary decision for stroke/control classification.
The results obtained from these sub-classifiers are then used to train a final ensemble
neural network. This algorithm allows for the use of individual pieces of information
obtained from each arm in each direction, rather than using the entire set of data for
each subject as a whole. The results of this classification technique were compared
against some standard classifiers, including a decision tree, naive Bayes classifier,
support vector machine, and logistic regression and it was shown to outperform all
these classification techniques in terms of accuracy. Furthermore, in [74] a subjectspecific reaching assessment score based on movement data in diﬀerent directions was
found to change for a group of stroke subjects with perfect Chedoke-McMaster clinical
scores. This demonstrates the potential of the proposed method to use the robotic
data in order to capture significant clinical changes.

2.6.3

Prediction of Clinical Measures

Although objective assessment of stroke using robotic technologies has proliferated
in the clinical literature, the relationship between robotic metrics and clinical gold
standards has recently attracted attention in the literature [17]. Several studies have
constructed computational and statistical models for prediction of clinical scores as
well as prognostic measures such as length of hospital stay using data collected at
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inpatient rehabilitation facilities. Features that are used for these predictions include clinical measures such as age, days since stroke and measured clinical scores at
admission. Other features used for predictions include those obtained using diﬀerent
technologies including accelerators and robot-based kinematics.

Predictions Using Clinical Data
A study by Sonoda et al. [141] showed how to use linear regression analysis for
prediction of discharge FIM scores for a group of 131 subjects with stroke. Clinical
features that were used for prediction included age, days since stroke, and FIM score
at admission. The predictive models showed correlations as high as 0.89. Recent
similar studies have used clinical measures for prediction of FIM scores [141, 73, 106,
150, 72]. All these studies use very simple statistical methods such as regression and
linear correlation analysis, where the predicted FIM score is estimated as a linear
combination of the predictors in the model. Moreover, the predictors were all based
on clinician/observer dependent clinical measures.
Another study by Sakurai and colleagues [129] used the FIM scores obtained at
admission for a group of 286 subjects with stroke to predict functional independence
30, 60, 90 and 120 days after admission to post-acute rehabilitation units. Findings
of the study confirm that motor and cognitive components of the FIM score are good
predictors of functional independence, whereas individual FIM items are not well
suited for making such predictions.
Many clinical studies have attempted to identify clinical biomarkers that govern
functional recovery after stroke. As an example, it is proposed by Katrak and colleagues [77] that the type of stroke can have an impact on stroke recovery. More
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specifically, the study shows that stroke patients with hemorrhagic stroke achieve
significantly better functional gains after stroke compared to ischemic injuries as
measured by change in FIM from hospital intake to discharge. A separate study [38]
used correlation analysis to conclude that motor impairment measured at hospital
admission, as measured by Fugl-Meyer score, is a predictor of discharge impairment
and activities of daily living functional outcome, as measured by FIM. Another clinical study to quantify stroke prognosis [8] concludes that FIM scores at hospital intake
significantly correlates with length of hospital stay and discharge destination.
While a single source of clinical data can be informative for stroke assessment,
as concluded by the above studies, multiple sources of information will provide more
insight. As such, a more recent study [161] attempted to combine initial impairment
data, as measured by initial Fugl-Meyer (FM) score and data obtained from fMRI up
to 48-hours post stroke to find a better prediction of the change in FM score. Confirming a previous finding, the authors concluded that the prediction of ∆FM (diﬀerence
between FM measurements at hospital intake and discharge) by initial FM alone is
good in patients with non-severe initial stroke, but is not good in patients with severe
initial stroke (96% and 16% of the total sum of squares of ∆FM explained, respectively). In patients with severe initial stroke, prediction of ∆FM by the combination
of initial FM and the fMRI recovery increased the prediction performance from 16%
to 47% of the total sum of squares of ∆FM explained. This highlights the significance
of utilizing diﬀerent sources of data for measuring the severity of impairments and
prediction of future stroke outcomes in stroke patients.
Additional to the studies focused on the prediction of clinical scores such as FIM,
a great body of literature is devoted to prediction of stroke-related prognosis measures
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such as the length of hospital stay. As an example, Tan et al. [146] used a multivariate linear regression model to find a model for prediction of length of stay, using
admission FIM scores, patients’ socioeconomic status and family structure. Results
of the study identify admission FIM motor score as the main predictor, explaining
43% of the variation in the model for length of stay. A similar study by Brosseau et
all. [22] showed that age, admission FIM score, and status of balance and perception
contribute to 44% variance in prediction of length of stay. Other clinical conditions
such as rehabilitation program, communication skills, and other medical conditions
were found to provide minor explanations for prediction of variations of length of stay.

Predictions Using Technology-Based Data
On top of using clinical data for prediction of diﬀerent clinical metrics, many studies
have attempted to identify relationships between technology-based measurements and
manual clinical assessment scores. As an example, a study by Zariﬀa [162] et al.
developed linear regression models that used robotic measurements to predict clinical
scores in a traumatic cervical spinal cord injury (SCI) population. Fourteen predictive
variables obtained by robotic evaluation were explored, relating to range-of-motion,
movement smoothness, and grip ability. The study concluded that prediction of
upper-limb clinical scores is feasible using measurements from a robotic rehabilitation
device, without the need for dedicated manual assessment procedures.
As another example, Olesh et al. [119] used data collected by a Kinect sensor to
find predictions of the Fugl-Meyer score. In a similar study, Wang and colleagues [155]
used accelerator data collected on the upper limb to find estimates of the Fugl-Meyer
assessment for shoulder and elbow.
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Focusing on data collected by robotic technologies, Bosecker et al. [17] used a
linear regression model to find an estimate of the Fugl-Meyer Assessment and Modified
Ashworth Score using a set of kinematic and kinetic robotic metrics obtained from
two diﬀerent tasks collected from 111 chronic stroke subjects. Validation results show
statistically significant prediction performance for Fugl-Meyer Assessment and Motor
Status Score (R values of 0.41 and 0.69 respectively), while the performance of the
model associated with Modified Ashworth Score is consistently low (R value = 0.17).
The authors identify a set of robotic metrics for their estimated models for FuglMeyer Assessment and Motor Status Score and proposed robot-mediated measures
for quantification of passive and global muscle stiﬀness in an attempt to come up
with robotic metrics that enable a better estimate of the Modified Ashworth Score.
A more recent similar study by Krebs et al. [90] used a neural network technique
to construct mathematical models for prediction of a set of clinical scores including
Fugl-Meyer assessment scores based on robotic measurements obtained by the InMotion2 robotic device. In this study, the robotic data used for model generation are
collected at the same time as robotic evaluation. Reported R2 values in that study
that represent goodness of model fit range from 0.45-0.6 for the “non-completer”
group (who had some missing data on day 7 or 90) and 0.58-0.75 for the “completer”
group (who had complete data for days 7 and 90 after stroke).
The two above mentioned studies identify a set of robotic biomarkers that can
be used for prediction of clinical scores. However, since the data for robotic and
clinical evaluation are only collected at almost the same time point, the identified
biomarkers do not reflect future functional abilities related to stroke prognosis. Another important limitation of the study by Bosecker et al. [17] and Krebs et al.
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[90] is that they only consider a single task for quantification of motor impairments
(similar to the visually guided reaching task on the KINARM robot) on the aﬀected
side of stoke survivors to find statistical models that estimate the clinical scores.
Sensory and proprioceptive deficits are another important, common problem suﬀered
by stroke subjects. Tasks such as the arm position matching task on the KINARM
robot objectively assess position sense deficits after stroke. Moreover, diﬀerences between the performance of the two limbs will provide additional insight for prediction
of functional clinical outcomes such as FIM. This potentially provides a wealth of
information for improved estimates of the traditional clinical metrics. More importantly, this can be used as a predictive source of knowledge to address stroke-related
prognostic questions.

2.7

Challenges and Open Problems in Robotic Assessment

While the robotic technologies described here have the potential to quantify many
aspects of proprioceptive, sensorimotor, and cognitive function, their use is still not
prevalent in the health care system. The main concern in this regard is that such
robots are prohibitively expensive. No related publication on these technologies provides a direct cost estimate for building such devices. However, the combination of
intellectual demand, imaging and sensing technologies, and mechanical devices and
materials can easily add up to tens of thousands of dollars [135]. Other diagnostic
tools used for brain medical imaging such as MRI cost about $5 million to purchase.
This means that the capital cost to purchase MRI technology is about 30 times more
expensive than robotic technologies. Nevertheless, these technologies are routinely
used in clinical practice and clearly provide clinical benefits as well as cost savings
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for the health care system.
Despite the high cost of purchasing robotic technologies for neurological assessment compared to the current clinical gold standards, robotic technologies can provide
cost savings for the health care system in the long term. Recently, Lo et al. [103]
performed a cost analysis of using robotic technologies per person for a group of 127
stroke patients in rehabilitation settings (i.e. robotic therapy). For a 36-week period,
the average cost of therapy plus all other related health care costs was estimated
at $17,831 for robot-assisted therapy and $19,098 for usual care, implying that the
costs for the two therapies are relatively comparable. Given the fact that around
700,000 Americans and 50,000 Canadians suﬀer from stroke every year, having access
to robotic technologies at hospital sites means that a technician can perform a large
number of neurological assessments for a large group of stroke survivors and provide
highly reliable data, thus saving physician and therapist costs [135].
Given the relatively new use of robotic technologies for quantification of brain
dysfunction, a considerable amount of research is needed to establish how the data
collected by the robot can be used to identify diﬀerent forms of impairment following
stroke and how these relate to diﬀerent ADLs for stroke survivors. In addition,
it remains to be seen how using the data provided by the robot with specifically
designed tasks can be used for targeted, patient-centered rehabilitation programs. All
of the studies we covered in the previous section primarily examined the relationship
of technology-based metrics and the associated present clinical scales. Studies have
not addressed how robot-based biomarkers can facilitate the prognosis of functional
recovery. Findings of such a study can be used to guide rehabilitation programs
targeted at specific areas of functional recovery.
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Another important emerging problem with the use of robotic technologies is the
potentially long assessment time. As mentioned in the previous sections, there are
now many tasks that can be performed on the KINARM robotic platform. As more
tasks are incorporated on these technologies, the length of time to assess each subject
continues to grow. This is particularly of concern for stroke assessment as it can
lead to fatigue, prolonged and delayed robotic assessments and incurred human and
technological costs. This leads to the question of whether the length of overall assessment time can be reduced while still retaining the maximal amount of information to
quantify subject performance across a broad range of neurological functions.
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Chapter 3
Data Collection

This chapter describes the data used for analysis in this thesis. First, technical details
about the KINARM exoskeleton robotic device that is used for stroke assessment are
provided. The main robotic tasks used for data collection are next covered. These
include the visually guided reaching task, arm position matching task, object hit task
and object hit and avoid task. For each task, their associated parameters recorded
during data collection are finally described.

3.1

KINARM

KINARM (Kinesiological Instrument for Normal and Altered Reaching Movements)
is an exoskeleton robotic device, which is used for assessment of neurological impairments. A schematic view of this device is shown in Figure 3.1. This device is
developed and commercialized by BKIN Technologies Ltd., Kingston, Ontario.
The primary objective for the development of this device was to study the fundamental mechanisms in the process of upper limb motor learning and control in both
human and animal species [134, 139]. This device has been extensively applied for
the study of a range of neurological disorders such as stroke, traumatic brain injury
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and fetal alcohol spectrum disorder. In the present thesis, this technology is used
for clinical research to assess diﬀerent aspects of motor, sensory and cognitive brain
function of subjects with stroke. The data required for the experiments in this thesis
has been collected in collaboration with Queen’s University researchers in the Center
for Neuroscience Studies and clinicians and technicians at Foothills Medical Center
and Dr. Vernon Fanning Care Center in Calgary, Alberta, and at Saint Mary’s of
the Lake Hospital in Kingston, Ontario. All data collection for this thesis was approved by the ethics review boards of Queen’s University, University of Calgary, and
Providence Care, and all subjects for the study gave their informed consent.

3.1.1

KINARM features and setup

Subjects are required to sit in a wheelchair base with both arms adjusted to three
plastic arm troughs, which provide support for the subject’s upper arm, forearm and
hand as shown in figure 3.1. The robotic design uses a complex linkage that permits
planar movements of the arm in the horizontal plane involving flexion and extension
movements at the shoulder and elbow joints. The robot provides full gravitational
support for both of the subject’s arms. Thus, even though a subject with stroke may
have significant weakness in their arm, they may have suﬃcient motor function to
attempt a behavioral task [134]. The troughs are attached to an adjustable four-bar
linkage. Torque motors record the motion of the arm in the horizontal plane and
apply loads to each joint independently. The design provides feedback from, and
control of, the shoulder and elbow joints thus permitting loads to be applied to the
shoulder and/or elbow joints. Patterns of joint motion are recorded and muscular
torques are computed by the system. More technical details about the KINARM
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Figure 3.1: The KINARM exoskeleton robotic device. Diagram shows (A) the
wheelchair base of the robot, (B) the three plastic arm troughs, which
provide support for the subject’s upper arm, forearm and hand, and (C)
the gravitational support provided for both arms by the robot. A television screen (D) is used to exemplify a virtual reality system in which
virtual targets are projected into a workspace (E) that is used to simulate
diﬀerent behavioral tasks.
Picture is available from BKIN Technologies Ltd., Kingston, Ontario [2].
robot are provided in [134].
Before the start of a robotic assessment procedure, the observer/examiner adjusts
the linkage and the troughs for each subject to ensure that the subject’s arms are
comfortable and correctly positioned such that the joints of the robot are aligned with
the subject’s shoulder and elbow joints.
During each robotic task, a virtual reality environment is presented to the subject,
whereby the direct vision of the subject’s arms is occluded. Instead, various visual
targets are projected into a horizontal screen using a two-way mirror. To adequately
fit the exoskeleton to the subject’s arms, a 5 to 10 minute set-up and calibration time
is required by a trained technician. We refer the reader to [134, 32] for a more detailed
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description of the KINARM robotic device and its associated behavioral tasks.

3.1.2

Subjects

The data for analysis in this thesis is collected from both control participants with
no previously known neurological impairments and from participants with stroke.
Each subject completes a robotic session consisting of a battery of behavioral tasks,
presented to the subject in succession. The tasks include (in order of execution of
behavioral tasks for subjects): Visually Guided Reaching task for both arms, Arm
Position Matching, Object Hit, and Object Hit and Avoid, Trail Making, and Kinesthetic Matching task. The first four of these tasks that are used for analysis in this
thesis will be discussed in more detail in the following sections.

3.2

Visually Guided Reaching Task

This is a task that is primarily designed for assessment of sensorimotor performance
of the upper limb [31]. With full vision, subjects are asked to reach “quickly and
accurately” from a central target to one of eight peripheral targets located 10 cm
away, distributed around the circumference of a circle. Each trial begins with subjects
holding their index finger tip at the central target for 1250 − 1750 ms. Then a
peripheral target is illuminated and subjects are given 3000 ms to complete the reach.
Each of the eight targets is presented once and subjects complete eight repetitions
to each target for a total of 64 trials. Figure 3.2 depicts the spatial and temporal
profiles for a typical reaching movement pattern during the visually guided reaching
task. Subjects perform the task with both arms. In this thesis, the data from both the
aﬀected and unaﬀected arm of subjects with stroke are analyzed. A total of thirteen
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Figure 3.2: (a) Spatial profile and (b)Temporal profile for the visually guided reaching task. Abbreviations: PLO, peripheral light on; MTonset, movement
onset; MToﬀset, movement oﬀset
movement parameters are recorded in each trial [31].
These parameters can be categorized into five major attributes related to sensorimotor control including (i) upper limb postural control, (ii) reaction time, (iii) initial
movement, (iv) corrective movements, and (v) total movement metrics. Parameters
within each category are measured as follows:
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(i) Upper limb postural control. This attribute has one parameter, which characterizes the subject’s ability to keep their hand steady within the central target:
• Postural hand speed (measured in m/s) is the mean hand speed for 500 ms
before peripheral target illumination.
(ii) Reaction time. One parameter characterizes the ability of the subjects to respond
to a visual stimulus:
• Reaction time (measured in seconds) is the time between illumination of the
peripheral target and onset of movement.
(iii) Feed-forward control. Five parameters characterize the subject’s initial phase
of movement. The initial phase of movement is defined as the time period from
movement onset to the first minimum hand speed. First minimum hand speed was
the first local minimum after the first maximum hand speed. These three parameters
are:
• First movement direction error (in degrees), defined as the angular deviation
between (a) a straight line from the hand position at movement onset to the
peripheral target and (b) a vector from the hand position at movement onset
to the hand position after the initial phase of movement;
• First movement distance, defined as the distance the hand traveled during the
participant’s initial movement;
• First movement distance ratio, defined as the ratio of (a) the distance the hand
traveled during the participant’s initial movement to (b) the distance the hand
traveled between movement onset and oﬀset; and
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• First movement maximum speed, defined as maximum hand speed during the
participant’s initial movement.
• First movement maximum speed ratio, defined as the ratio of (a) the maximum
hand speed during the participant’s initial movement to (b) the global hand
speed maximum of the trial.
(iv) Feedback control. This category has two parameters and characterizes how subjects adjust or correct their movements after their initial motor response:
• Number of movement peaks is the number of hand speed maxima between
movement onset and oﬀset;
• Minimum maximum speed diﬀerence (measured in m/s) is the diﬀerences between local speed peaks and minima.
(v) Total movement metrics. This attribute is comprised of four parameters and
characterizes the movement as a whole:
• Total movement time (measured in seconds) is the total time elapsed from
movement onset to oﬀset;
• Path length (measured in meters) is the total distance traveled by the hand
between movement onset and oﬀset; and
• Path length ratio is the total distance traveled by the hand between movement
onset and oﬀset divided by the straight line distance; and
• Movement time maximum speed (measured in m/s) is the maximum speed that
the hand traveled.

3.2. VISUALLY GUIDED REACHING TASK

44

Figure 3.3: Hand path trajectories for visually guided reaching movements from central target to
one of eight peripheral targets for three subjects. Hand speed profiles for movements
are shown for left (yellow) and right (green) directions. (a) Control subject displaying
relatively straight hand path trajectories for all movement directions on both hands.
Hand speed profile shows one large peak with a few small corrective movements.(b)
Right-aﬀected subject with stroke. Hand paths display large initial direction errors
for all movement directions for the right arm and hand speed profiles indicate multiple
large corrective movements for right-aﬀected arm. Left arm shows some diﬀerences
from control subject. (c) Left-aﬀected subject with stroke. Hand paths for left arm
display large initial directional errors, with highly variable movement patterns. Hand
speed profiles show that there are multiple corrective movements for movement to left
with highly variable reaction times, whereas movements to the right tend to have one
or two large peak with a few corrective movements using with a consistently shorter
reaction time.
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Figure 3.3 shows the spatial pattern of hand path trajectories to the 8 spatial
targets of the visually guided reaching task for a control subject, and two (one rightaﬀected and one left-aﬀected) subjects with stroke [31]. The figure also shows the
hand speed profiles for movements in left and right directions. This visualization
can be used as a guide for clinicians to identify diﬀerent patterns of impairments for
subjects with stroke.

3.3

Arm Position Matching Task

The arm position matching task is primarily designed for assessment of proprioceptive
function [43]. During this task, subjects allowed the robot to passively move one hand
to one of nine diﬀerent spatial locations on one side of the body with vision occluded.
When the robot stopped, subjects attempted to move the opposite (active) hand to
the mirror location in space. Subjects could continue to adjust the position of their
active arm until they felt it was mirror-matched with the passive arm position. When
subjects indicated they attained the mirror location, they informed the instructor and
this was recorded as the final hand position, after which the next trial began.
Target locations were such that the outer eight targets were separated by 10 cm.
Each subject completed six blocks (target locations random within a block) for a total
of 54 trials. For each subject, the value of each measured parameter over 54 trials
was averaged and used. Figure 3.4, panel (a) depicts a top down view of a typical
subject performing the arm position matching task. Panel (b) shows the overlap of
the passive and active arms after mirror transforming data from the left arm to the
right side of the workspace.
For subjects with stroke the robot moved the aﬀected arm and the subject actively
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Figure 3.4: Arm position matching task. (a) Top down view of a typical subject
completing the task. The robot passively moved the left hand to nine
spatial locations (filled symbols) and the right arm was actively moved
by the subject to mirror-match each spatial location (open symbols). Ellipses around each of open symbols represent one standard deviation for
moving to the same target across diﬀerent trials. Areas enclosed by the
red and blue lines show the matching areas of passive and active arms,
respectively. (b) Overlap of the passive and active arms after mirror
transforming data from the left arm to the right side of the workspace.
(c), (d) and (e) Typical subjects illustrating examples of high trial-to-trial
variability in (c), systematic shift in (d) and spatial contraction in (e).
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moved the less aﬀected arm to match the limb position. For control subjects, we used
the data where subject moved their dominant arm to match the limb position of
the non-dominant arm. A total of nine parameters within three major parameter
attributes were recorded. These attributes include (i) trial-to-trial variability of the
active hand; (ii) contraction/expansion of the overall spatial area of the active hand
relative to the passive hand; and (iii) systematic shift between the passive and active
hand. We briefly discuss parameters within each of these three categories below.
(i) Trial to trial variability. Three parameters characterize this category of assessment of proprioceptive function:
• Mean of standard deviation of the active hand’s position over all target locations
in the x (horizontal) direction.
• Mean of standard deviation of the active hand’s position over all target locations
in the y (vertical) direction.
• Mean of standard deviation of the active hand’s position over all target locations
in the xy (both vertical and horizontal) direction.
(ii) Contraction/expansion. Three parameters characterize this category of assessment:
• Range/area of the workspace matched by the active hand relative to that of the
passive hand in the x (horizontal) direction.
• Range/area of the workspace matched by the active hand relative to that of the
passive hand in the y (vertical) direction.
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• Range/area of the workspace matched by the active hand relative to that of the
passive hand in the xy (both vertical and horizontal) direction.
(iii) Systematic shift. Three parameters characterize this category of assessment:
• Mean of the mean error between the active and passive hands for each target
location over all targets in the x (horizontal) direction.
• Mean of the mean error between the active and passive hands for each target
location over all targets in the y (vertical) direction.
• Mean of the mean error between the active and passive hands for each target
location over all targets in the xy (both vertical and horizontal) direction.
Figure 3.4, panels (c),(d) and (e) illustrate examples of variability (panel c), systematic shift (panel d) and spatial contraction (panel e) for subjects with stroke after
proprioceptive assessment by the arm position matching task.

3.4

Object Hit Task (OH)

Object Hit task is a bimanual task designed for assessment of visuomotor control and
hand coordination [151]. In the object hit task subjects are instructed to use their
right or left hands, represented as green paddles in a virtual environment, to hit red
balls that are moving towards them on the screen. Figure 3.5 (a) shows a top down
schematic view of a subject performing the OH task on the left.
The objective of this task is to hit as many balls as possible. The balls appear
on the screen from 10 diﬀerent (hidden) bins, and a total of 30 balls are released
from each bin in random order (all 10 bins release a ball before a bin is reused).
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Consequently, the game consists of a total of 300 balls falling continuously on the
screen. The number of balls that appear on the screen and the speed of the ball
movement increases as the task progresses, such that a single ball is moving slowly
( 0.01 m/s) at the beginning and up to maximum of 16 balls moving on the screen at
0.05 m/s towards the end of the task. The KINARM robot provides a force feedback
each time a paddle hits a ball. During the task, positions of the hands and active
balls are recorded with a sampling frequency of 200 Hz.
A total of fourteen movement parameters were recorded in each trial. These
parameters can be categorized into three major attributes related to bimanual control
including (i) global performance, (ii) spatial/temporal performance and (iii) motor
performance. Parameters within each category are measured as follows:
(i) Global Performance. One parameter is used to characterize this category of
bimanual assessment:
• Hit percentage: a successful hit happens when the ball is hit and leaves the
display area at the top or sides of the workspace (if ball is hit softly, the ball fades
away after 4.5 seconds. Its direction of movement defines success or failure).
When a ball is hit multiple times, the first hit indicates which hand was used
and the last hit indicates if it was successful.
(ii) Spatial/Temporal Performance. Three parameters are used to characterize
this category of bimanual assessment:
• Miss bias: quantifies whether there was a spatial bias in the position of balls
missed in the workspace. This value (the weighted mean) is computed as the
sum of the number of misses in each bin (m) multiplied by the bins position in
the frontal plane (x), divided by the total number of misses (sum(mx)/sum(m)).
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• Hand transition: the line in the workspace where the subject’s preference
switches from one hand to the other. It is computed by taking the mean of
two values: the right hand and the left hand weighted means of hit distributions. The weighted mean (as explained for Miss bias) of hit distributions for
each hand are calculated independently using a subset of bins, including only
those for which both hands made hits (overlapping bins) plus one additional
bin on each side of the overlapping bins. In the special case where no overlap
occurs, the subset of bins used includes the rightmost bin in which hits were
made by the left hand and the leftmost bin where hits were made with the right
hand.
• Median error: the point in time in the task where the participant missed half
of the balls that they missed in the entire task 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 increased.
(iii) Motor Performance. This consists of two separate subcategories including
parameters for right/left hand performance and parameters associated with bimanual
control:
a) Right and left hands
• Movement area: captures the area of space used by each hand during the task.
It is computed as the area of the convex hull [34], which is a convex polygon
that captures the boundaries of the movement trajectories of each hand. It is
computed for each hand separately.
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Figure 3.5: Object hit task. (a) Schematic top down view of a typical subject performing the task in the virtual environment. (b) Hand path trajectories
for the left and right hands during the object hit task for a control subject. The black lines illustrate the hand movement area for each hand.
(c) Performance grids for a typical subject completing the OH task. The
x-axis represents the 10 bins from which balls are dropped. The y-axis
corresponds to the 30 random blocks, where the top row corresponds to
the first random block (easiest) and the last row corresponds to the last
block. Successful hits with the right hand are colored red, successful hits
with the left hand are colored blue and misses are colored white.
• Mean hand speed: the average hand speed during the task. Encoders attached
to the motors quantify joint motion. Hand speed is calculated from joint velocities measured by the KINARM robot and the length of the arm segments.

3.5. OBJECT HIT AND AVOID TASK (OHA)

52

b) Bimanual control
• Hand bias hits: identifies the relative hand use. It is the normalized diﬀerence
between the total number of hits with right (RH) and left (LH) hands (RH hits
− LH hits) / (RH hits + LH hits).
• Hand selection overlap: quantifies whether both hands share the workspace.
The score is computed by counting the number of times that two successive
balls hit from a given bin use diﬀerent hands (i.e. ball hit by left hand and the
next successful ball hit from that bin was with the right hand, or vice versa)
divided by the total number of hits.
• Hand movement bias area: quantifies diﬀerences in the size of the workspace
used by each hand. It is the normalized diﬀerence between hand movement
areas of the left and right hands (area of the RH − area of the LH)/(area of
the RH + area of the LH).
• Hand bias speed: quantifies diﬀerences in hand speed. It is the normalized
diﬀerence between mean hand speeds of the left and right hands (mean hand
speed of the RH − mean hand speed of the LH)/ (mean hand speed of the RH
+ mean hand speed of the LH).
Figure 3.5 illustrates some examples of a typical control subject performing the
OH task.

3.5

Object Hit and Avoid Task (OHA)

Object Hit and Avoid task is similar in nature to the OH task [19]. The main diﬀerence
is that there are eight diﬀerent objects and individuals are instructed to hit only two
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Figure 3.6: Schematic view of OH and OHA tasks on KINARM. Left: OH task in
which the individual is asked to hit all objects, right: OHA task in which
the individual is asked to only hit two objects (targets) and avoid all other
objects (distracters).
types of objects (targets) and avoid all other objects (distractors). The Object Hit
and Avoid task is regarded as a cognitively more demanding task in that it requires
more attention to identify the appropriate targets and inhibition to avoid hitting
the distractors. On the other hand, movement requirements are less as participants
should need to simply avoid hitting the distractors. Figure 3.6 illustrates a schematic
top down view of a typical subject performing the OH task and contrasts it with the
similar OHA task.
The appearance of all objects on the screen, their initial speed and speed change,
and bin selection are all identical to the OH task. Out of the total of 300 released
objects, 200 are targets and 100 are distractors, randomly assigned to the ten bins.
When a distractor is hit, it passes through the paddle and continues to fall down,
generating no feedback force. This provides an immediate cue to the subject to realize
that the object they just hit was a distractor.
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All parameters associated with the Object Hit and Avoid task include all parameters of the Object Hit task and three additional parameters associated with the
distractor information. These include Distractor hits left, Distractor hits right and
Distractor hits total, measuring the number of distractors hit with the left hand, right
hand, and in total over the time span of the task, respectively. Similar to Object Hit
task, this task also takes approximately two and half minutes to complete.
The data collected using the tasks described in this chapter were age-regressed and
Box Cox transforms [20] were used to normalize control distributions. Participants
with outliers (more than 3 SD from mean) on any parameter were removed for all
parameters in a given task. Parameters were then assessed for sex or handedness
eﬀects. It there were eﬀects from either, then the data was separated and regressions
were performed separate for each group.

55

Chapter 4
Identification of Robotic Biomarkers for FIM
Predictions

In the present chapter we investigate the problem of predicting current and future
clinical scores using robot-based biomarkers. To achieve this goal, we use the data
provided by robotic tasks to establish models for predictions of functional clinical
outcomes using a system identification method known as Fast Orthogonal Search.
The chapter also discusses how these models can be used to identify objectively
measured biomarkers for prediction of diagnostic and prognostic clinical measures of
daily activities.

4.1

Motivation and Objective

A key focus of rehabilitation therapy following stroke is to regain the ability to perform
daily activities. The Functional Independence Measure (FIM) is routinely used in
Canada and the United States to score rehabilitation inpatients to quantify the ability
to perform these daily activities following stroke using a seven-point scale for 13 motor
and five cognitive tasks such as getting dressed, grooming and bowel control [79].
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The FIM was designed to track changes in the functional status of patients prior to
and following rehabilitation [64]. FIM scores have been shown to predict functional
outcome following rehabilitation [35]. While FIM intake and discharge scores are
correlated to some degree [55], predicting future abilities from early FIM scores is
problematic - improved FIM scores following rehabilitation can reflect improved motor
function in the aﬀected limb (motor recovery), and/or acquired skills to perform motor
actions unimanually with the unaﬀected limb (compensation) [101, 92].
The inability to perform daily activities following stroke is, of course, caused by
focal damage in the brain that disrupts circuits supporting various sensory, motor
and cognitive processes. Several studies highlight that lesion size and location can
predict motor recovery [24]. However, such predictions are not straightforward due
to the close proximity of key circuits supporting various brain faculties. For example,
small focal lesions near the internal capsule and thalamus can lead to varying levels
of limb proprioceptive and motor impairments [82].
Another approach to predict future capabilities to perform daily activities is based
on the underlying sensory, motor and cognitive impairments. There is an obvious
link between neurological impairments and diﬃculties in performing daily activities.
Measures of motor impairments in the aﬀected arm generally correlate with FIM
[42, 55]. As well, proprioceptive impairments also correlate with FIM scores [42,
136]. However, improvements in FIM can occur independent of the aﬀected limb if
individuals are able to perform the activity only with their unaﬀected limb. This
unaﬀected arm often also shows impairments following stroke [31], and thus also
potentially impacts functional recovery.
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In this chapter, robotic and clinical biomarkers associated with upper limb function quantified in the first few days post-stroke are used to estimate the ability of
subjects to perform daily activities at this same time point, as well as to predict their
abilities at three months post-stroke. In particular, recent development of robot-based
behavioral tasks provide a rich set of biomarkers of sensory and motor function, including performance of the aﬀected and unaﬀected arms. Our interest was to observe
which features of sensory and motor function were most important for predicting FIM
scores both prior to and following rehabilitation.

4.2

Methodology

4.2.1

Participants

Subjects with stroke were recruited after admission to St. Mary’s of the Lake Hospital in Kingston, Ontario, Canada, Dr. Vernon Fanning Care Centre (Calgary, AB,
Canada), and Foothills Hospital, Calgary, Alberta, Canada for clinical stroke assessment and robotic evaluation. Clinical evaluation sessions were performed within
approximately two weeks post-stroke. Initial FIM measurements were also completed
approximately two weeks post stroke. Evaluation of the second FIM measurements
were completed 3±1 month post-stroke. We henceforth refer to these two FIM evaluations as FIM-2w and FIM-3m, respectively.
Inclusion criteria were the following: (a) first clinical presentation of stroke; (b)
ability to understand the task instructions; and (c) suﬃcient range of motion to
complete robotic testing. Subjects were excluded from the study if they had a history
of neurological impairments not caused by stroke, any form of acute medical illness,
or musculoskeletal compromise of the shoulder or elbow. Subjects received standard
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rehabilitation programs that were largely based on principles of motor learning as
well as neurodevelopmental techniques. Rehabilitation was generally performed each
weekday for 6 to 8 weeks. The study was approved by the ethics review boards of
Queen’s University, University of Calgary, and Providence Care, and all subjects for
the study gave their informed consent.
Demographic data on the participants’ age, gender, type of stroke, as well as
the distribution of clinical scores are provided in Table 4.1. Clinical and robotic
assessments were carried out on 85 patients with stroke (49 left- and 33 right-aﬀected,
61 with ischemic and 24 with hemorrhagic stroke). The youngest participant was aged
25, and the oldest was 82 years old, and the average age was approximately 61 years.
The range of clinical scores that are covered in this study are also presented in Table
4.1.

4.2.2

Robotic Assessment

Robotic assessments were performed using the KINARM exoskeleton robotic device
[134]. The subject’s arms were abducted into the horizontal plane. The robot provided gravitational support of the limb, monitored shoulder and elbow motion, and
can apply mechanical loads at the shoulder and/or elbow. A virtual reality system
aligned with the plane of the arms displayed spatial targets and visual feedback of
the hand for each task, as described in Chapter 3.
Participants did not use the KINARM robot except for the clinical assessments
in this study. To avoid fatigue, subjects were allowed to take a break between tasks.
The robotic data used for this study were gathered by three robotic tasks: VisuallyGuided Reaching Task, Arm-Position Matching Task, and Object Hit Task. Details
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Table 4.1: Demographics and clinical data.
Measure
Number of Subjects
Male/Female
Aﬀected Limb
(Left-side/Right-side/Both)
Type of stroke
(Ischemic/Hemorrhagic)
Age in years
Days since stroke to first FIM
Days since stroke to second FIM
FIM-Motor-2w score
FIM-Total-2w score
FIM-Motor-3m score
FIM-Total-3m score
Purdue Pegboard Score - Combined
BIT score
Modified Ashworth Score Aﬀected Arm
Modified Ashworth Score Unaﬀected Arm
Chedoke McMaster Score Aﬀected Arm
Chedoke McMaster Score - Aﬀected Hand
Chedoke McMaster Score Unaﬀected Arm
Chedoke McMaster Score - Unaﬀected Hand

Quantity
85
57/28
49/33/3
61/24
(60.6, 12.5, 25, 82)1
(8.1, 4.5, 1, 14) 1
(89.6, 8.9, 68, 125) 1
(66.5, 21.5, 13, 91) 1
(96.3, 24.3, 37, 126) 1
(85.9, 10.1, 27, 91) 1
(118.5, 12.8, 45, 126) 1
(14.9, 6.0, 4, 28.5) 1
(133.8, 19.1, 63, 146) 1
(70, 5, 4, 6, 0, 0)2
(83, 2, 0, 0, 0, 0)2
(11, 9, 8, 3, 16, 8, 30)3
(14, 4, 5, 6, 16, 23, 16)3
(0, 0, 0, 0, 4, 11, 70)3
(0, 0, 0, 0, 3, 24, 58)3

1

2

3

Formatting represents (Average, Standard Deviation, Minimum, Maximum).
Formatting represents number of participants with Modified Ashworth Score of (0,
1, 1+, 2, 3, 4).
Formatting represents number of participants with Chedoke McMaster Score of (1,
2, 3, 4, 5, 6, 7)

of the parameters associated with these tasks were described in detail in Chapter 3. A
brief description of the robotic parameters and the abbreviations used in this chapter
are provided in Table 4.21 .
1

These abbreviations will also be used for these three tasks in the next chapter.
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Table 4.2: Abbreviations of robotic task parameters for three robotic tasks: visually
guided reaching task, arm position matching task and object hit task.
Robotic Task
Visually Guided Reaching
(Aﬀected and Unaﬀected Arm)

Arm Position Matching

Object Hit

Parameters

Abbreviation

Reaction Time

RA1

First Movement Max. Speed
First Movement Distance
First Movement Direction Error
Total Movement Time
Path Length
Path Length Ratio
Movement Time Maximum Speed
Number of Movement Peaks
Min. Max. Speed Diﬀerence
First Movement Maximum Speed Ratio
First Movement Distance Ratio
Posture Speed
Variability X
Variability Y
Variability XY
Contraction/expansion ratio X
Contraction/expansion ratio Y
Contraction/expansion ratio XY
Shift X
Shift Y
Shift XY
Total hits
Hits with Aﬀected Arm
Hits with Unaﬀected Arm
Hand bias of hits
Miss bias
Hand transition
Hand selection overlap
Median error
Hand speed Aﬀected Arm
Hand speed Unaﬀected Arm
Hand speed bias
Movement area Aﬀected Arm
Movement area Unaﬀected Arm
Movement area bias

RA2
RA3
RA4
RA5
RA6
RA7
RA8
RA9
RA10
RA11
RA12
RA13
M1
M2
M3
M4
M5
M6
M7
M8
M9
OH1
OH2
OH3
OH4
OH5
OH6
OH7
OH8
OH9
OH10
OH11
OH12
OH13
OH14
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Clinical Measures of Stroke

The Functional Independence Measure (FIM) [122], Purdue Pegboard Test [144],
Modified Ashworth Score [16], and Chedoke-McMaster assessment [57] were used for
clinical evaluation of subjects with stroke. These measures have established validity
and reliability [84, 33]. These measures were described in more detail in Chapter 2.

4.2.4

Data Normalization

In order to minimize the eﬀect of the magnitude of robotic parameters on the selection
of parameters, we used a normalization scheme to scale all KINARM metrics to values
between 0 and 1. The minimum (xmin ) and maximum (xmax ) value of each metric
(x) are used to obtain a normalized value, (z(x)), as follows:

z(x) =

(x − xmin )
(xmax − xmin )

(4.1)

To perform data analysis on the normalized robotic parameters, we split the data
into training and testing sets using a 10-fold cross-validation scheme as described
later in this section. As such, we calculate the normalization based on the data
contained within each fold to calculate the minimum and maximum for the fold
dataset, and use these same fold statistics to normalize the unseen test data. The
advantage of applying training fold normalization statistics to test data is that the
information contained in the test set is kept hidden from the training data, which is
the main purpose of the cross validation procedure. A potential limitation of using
this approach for the normalization procedure described above is that the maximum
and minimum values for the testing data may be outside of the range obtained from
the training data, which would introduce floor and ceiling eﬀects into the test dataset.
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An alternative to this approach is to use the global statistics over the entire
dataset to perform the normalization prior to the cross-validation procedure. This
approach has the limitation that it introduces future (hidden) information from the
test dataset into the training predictor variables, which compromises the main purpose
of cross validation. Therefore, in order to get a good estimate of the model quality
(and generalization power) one needs to restrict the calculation of the normalization
parameters to the training set.

4.2.5

Model Generation

A system identification method known as Fast Orthogonal Search (FOS) [88] was used
to identify the most informative clinical and robotic metrics that contribute towards
prediction of FIM scores at approximately 2 weeks and 3 months post stroke. FOS
allows for identification of a non-linear approximation consisting of terms with the
highest contribution towards prediction of a desired target value [88]. A detailed
presentation of FOS is given in the following subsection.
In the analysis presented in this chapter, the measured FIM score at approximately
2 weeks and 3 months post stroke, denoted by S, was used as the target value in a
FOS training algorithm to form a sum of M non-linear basis functions pm (n) with
coeﬃcients am and estimation error e(n) as follows:

S=

M
∑

am pm (n) + e(n)

(4.2)

m=1

FIM-related predicted measures in this chapter were FIM-Motor and FIM-Total at
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entrance to the study approximately two weeks post-stroke (FIM-Motor-2w and FIMTotal-2w) and at approximately three months post-stroke (FIM-Motor-3m and FIMTotal-3m). If a score is predicted to be outside the valid range of FIM values (e.g.
< 18 and > 126 for FIM-Total), the predicted value is adjusted to be the minimum
or maximum valid score for scores below and above the valid range, respectively.
The first function selected by any model using FOS is assigned a value of 1,
with a coeﬃcient term that accounts for the constant term in the model. Following
this first iteration, all subsequent basis functions are chosen from the provided pool
of candidates, consisting of the set of robotic metrics for the three tasks and their
non-linear counterparts. Non-linearity was introduced into our predicted models by
including squared, cubic, sin, cosine, inverse and logarithmic functions of the robotic
metrics. A detailed description of FOS is provided in the following subsection

4.2.6

FOS

Fast Orthogonal Search is a system identification method, which constructs a model
by searching through a list of pre-designated candidate functions. The search algorithm iteratively selects the optimal candidate functions with the goal of producing
the maximum reduction as measured by the mean square error (MSE) of the model
[163, 88]. The FOS searching procedure is diﬀerent from the traditional orthogonal
search algorithm [87] in that it can avoid calculating actual values of the orthogonal
terms, thereby speeding up the approximation process [87]. In contrast to the orthogonal search algorithm by Desrochers with a computational cost proportional to the
square of the number of candidate functions [39], FOS is linearly proportional to the
number of candidate functions [163]. Details of orthogonal search and fast orthogonal
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search are discussed below.

Orthogonal Search
A representation of a dynamic system over n = 0, ..., N can be expressed by the
following equation:

y(n) = F [x1 (n), ..., xL (n)] + e(n), n = 1, ..., N,

(4.3)

where y(n) is the system output; F is a polynomial function; x(n) is the input and
e(n) is the approximation error; N is the total number of subjects; and L is the total
number of candidate functions in the model, respectively. This can be re-written in
the form of:
y(n) = c +

M
∑

am pm (n) + e(n), n = 1, ..., N

(4.4)

m=1

where pm (n) are the non-orthogonal basis functions selected from xi , i = 1..L to be
added to the model for m = 1, 2, ..., M , am are their associated coeﬃcients approximating the best fit to the output and c is a constant term and M is the total number
of basis functions in the model where M ≤ L.
By the process of Gram-Schmidt orthogonalization [120], eq. 4.4 can be rewritten
as:
y(n) = c +

M
∑

gm wm (n) + e(n), n = 1, ..., N,

(4.5)

i=1

where wm (n) are the orthogonal basis functions corresponding to pm (n) for m =
1, 2, ..., M with M ≤ L, gm are the associated orthogonal coeﬃcients approximating
the least-square fit to the output and c is a constant term, which can be considered
as a zero-order function with a value of 1, where g0 = c. Because the wm (n) terms are
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mutually orthogonal and directly derived from pm (n), an orthogonal search strategy
can be used to iteratively construct a function that is orthogonal to all previously
selected terms,
wm (n) = pm (n) −

m−1
∑

αmr wr (n), m = 1, ..., M

(4.6)

r=0

where αmr =

pm (n)wr (n)
.
wr2 (n)

An orthogonal search algorithm could be constructed to

iteratively add terms to construct models of the above form.
To minimize the error term in eq. 4.4, we need to find the optimal value of am .
Rearranging eq. 4.4, we have the following:
(
error =

y(n) − c −

M
∑

)2
am pm (n)

(4.7)

m=1

Using eq. 4.5 and the orthogonal property of wm (n) terms, minimizing the MSE is
equivalent to minimizing the error term, which is given by:
(
error =

y(n) −

M
∑
m=0

)2
gm wm (n)

= y 2 (n) −

M
∑

2
2 (n)
gm
wm

(4.8)

m=0

In order to find the optimal gm for which the error term is minimized, we need to
take the first derivative of eq. 4.8 with respect to n, obtaining:
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{
error′ =

(y(n) −
{

M
∑

gm wm (n))2

′

m=0

= 2 (y(n) −
{

}

M
∑

}
gm wm (n)) ∗ (−wi (n))

m=0

= 2 (y(n)(−wi (n)) +
{

M
∑
m=0

}

(4.9)

gm wm (n))(wi (n))
}

= 2 −y(n)wi (n) + gi wi (n)wi (n) .

Setting the value of the error derivative in eq. 4.9 to zero to obtain the optimum
value for gm yields:

gm =

y(n)wm (n)
2 (n)
wm

, m = 1, ..., M.

(4.10)

Now the optimal coeﬃcients am in eq. 4.4 are given by

am =

M
∑

gi vi

(4.11)

i=1

where vm = 1, vi = −

i−1
∑

αir vr , i = m + 1, ..., M.

r=m

Consequently, the reduction in the value of MSE as a result of the addition of an
extra candidate function is calculated using the norm of the corresponding orthogonal
function and the orthogonal expansion coeﬃcient. Suppose that there are currently
M candidate functions p1 (n), ..., pM (n) already present in the model to estimate the
output, and a new candidate function aM +1 pM +1 (n) is chosen to be added to the
right hand side of eq. 4.4. This would correspond to an orthogonal function term
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gM +1 wM +1 added on the right hand side of eq. 4.5. Thus, the reduction in the MSE
is given by:
2
2
Q(M + 1) = gM
+1 wM +1 (n).

(4.12)

The value of the Q function is calculated for all candidate functions, and the candidate function with the largest value of the Q function is the one whose addition
would generate the largest reduction in terms of MSE. Therefore, this function will
be the one that is selected in the present iteration of the search algorithm. This
process is iteratively repeated until one of two criteria are met: addition of no further
terms generates a reduction in the MSE greater than a preset threshold, or there are
no further candidate functions to choose from. This process produces an accurate
approximation of the model. Nevertheless, the calculation of the orthogonal functions is a computationally expensive operation. As such, Fast Orthogonal Search was
introduced by Korenberg [88] to overcome this limitation.

Fast Orthogonal Search
The steps of the orthogonal search procedure introduced in the previous section can
be summarized as follows:
1. Calculate am using eq. 4.11, where gm is denoted by gm =
m−1
∑
2. Calculate wm by pm (n) −
αmr wr (n)

y(n)wm (n)
2 (n)
wm

r=0

3. Calculate αmr =

pm (n)wr (n)
wr2 (n)

2
2
4. Search for the candidate functions for which Q(M ) = gM
wM
(n) is maximized.

We observe that the denominator of αmr is similar to that of gm . Fast Orthogonal
Search calculates the numerator and denominator of gm using a vector C(m) and a
matrix D(m, m), respectively. FOS then iteratively fills out the elements of D, and
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calculates the value of Q(M ) using D(r, r). Therefore, the significant contribution to
the reduction of MSE can be captured using Q(M ) and their corresponding function
coeﬃcients am can be calculated without calculating the orthogonal function terms
given by wm (n).
The following pseudocode illustrates how FOS fills the values of the vector C and
matrix D as outlined in [88].

START
D(0, 0) = 1
C(0) = y(n)
for m = 1 to M do
Calculate D(m, 0) = pm (n)
end for
for m = 1 to M do
for r = 0 to m − 1 do
Calculate α using αmr = D(m, r)/D(r, r)
Calculate D(m, r + 1) using D(m, r + 1) = pm (n)pr+1 (n) −

r
∑
i=0

end for
Calculate C(m) = y(n)pm (n) −

m−1
∑
r=0

end for
END

αmr C(r)

αr+1i D(m, i)
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After calculating vector C and matrix D, the value of gm can be obtained by:

gm = C(m)/D(m, m), f orm = 0, ..., M.

(4.13)

Korenberg [87] shows that the value of the system’s MSE as defined in eq. 4.7 can
be expressed as:

error =

y 2 (n)

−

M
∑

2
gm
D(m, m).

(4.14)

m=0

Using eq. 4.12, the amount of reduction in the MSE by addition of a new term
aM +1 pM +1 (n), is given by
2
Q(M + 1) = gM
+1 D(M + 1, M + 1).

(4.15)

In order to select the (M + 2)th term pM +2 (n), it is only required to perform the
above procedure for m = M + 2. The FOS selection procedure will continue the
selection and addition of a new candidate term in order to reduce the MSE of the
model until either one of two stopping criteria is reached [87, 88]. The first criterion
is that all candidate functions are chosen from the set of all provided candidate sets.
The other criterion is met if addition of a new term to the model does not reduce the
MSE more than a small preset threshold.
Fast orthogonal search has been previously applied in a wide range of applications,
including identification of non-linear biological systems [89], force estimations using
EMG signals [111], and array processing [5]. The non-linear modeling capability provided by FOS through the introduction of non-linear basis functions makes FOS an
ideal tool for estimation of clinical scores using robot-based biomarkers, providing
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more flexible modeling than those previously applied for estimation of clinical scores
(e.g. [17]). Moreover, the MSE-based term selection by the FOS algorithm implies
that the robotic terms are included in the model based on their contribution in error reductions for estimation of FIM scores, thus providing an automatic platform
for identifying the most valuable robotic biomarkers for each model estimation. Another advantage of FOS is that the stopping criterion by FOS provides an automatic
method to detect the number of required terms in each model, a process which has
to be manually performed when using approaches such as linear regression models.
Together, these make FOS an ideal modeling approach for estimation of clinical scores
using robot-based biomarkers.

4.2.7

Performance Measure

All models were evaluated by a 10-fold cross validation procedure using 90% of the
subjects’ data to train the model with the remaining 10% for model testing. Overall
model performance is the average of the performance of test data over the 10 folds.
Performance of predicted clinical measures is reported as the R value between the
actual and predicted values. R is a value between 0 and 1 and can be interpreted as the
correlation coeﬃcient between actual and predicted values, indicating the “goodness
of fit” for such values. Moreover, the value of R2 can be used to interpret the fraction
of unexplained variance in data, since it compares the variance of the model’s errors
with the total data variance [26].
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Datasets for Model Generation

We employed both robotic and clinical biomarkers to build predictive models. Robotic
biomarkers included the Reaching task parameters recorded for the aﬀected and unaﬀected arm, henceforth referred to as Reach-aﬀected and Reach-unaﬀected. The
set of reaching parameters describing the interlimb diﬀerence is referred to as ReachInterlimb. A single set of data describes Matching task parameters, referred to as
Match. Parameters associated with the Object Hit task are referred to as Object
Hit. The last robotic dataset, All Robotic Data, contains all reaching, matching, and
object hit parameters.
Clinical biomarkers are comprised of FIM-2w and a set including the ChedokeMcMaster Score, Purdue Pegboard Score, BIT Score and Modified Ashworth Score.
This latter set included measures for both aﬀected and unaﬀected arms, henceforth
referred to as Clinical-Aﬀected and Clinical-Unaﬀected. Another set containing both
Clinical-Aﬀected and Clinical-Unaﬀected, henceforth referred to as Clinical-All, was
also used for model generation.
For the case of each FIM prediction, all parameters in the above mentioned sets of
biomarkers (i.e. robotic or clinical) were used as the candidate basis functions for the
FOS training algorithm as described above. The FOS training algorithm then picks
the parameters within each dataset based on their contribution towards minimizing
the prediction error (as measured by MSE) for prediction of each FIM score.
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Table 4.3: R values for prediction of FIM-related scores at 2 weeks and 3 months
post-stroke using clinical and robotic data (validation results). For dataset
abbreviations (rows) see the Methodology section.
1
2
3
4
5
6
7
10
8
9
11
12
13
14

Reach-Aﬀected
Reach-Unaﬀected
Reach-Interlimb
Match
Object-Hit
All Robotic Data
FIM-2w
Purdue-Combined
Chedoke-Aﬀected
Chedoke-Unaﬀected
BIT score
Clinical-Aﬀected
Clinical-Unaﬀected
Clinical-All

4.3

FIM-Motor-2w
0.6804
0.3985
0.6324
0.4608
0.7237
0.7417
–
0.7230
0.7310
0.3083
0.3659
0.8279
0.5252
0.8287

FIM-Total-2w
0.7209
0.4045
0.6303
0.5219
0.7542
0.7745
–
0.7393
0.7271
0.3338
0.3894
0.8106
0.5310
0.8172

FIM-Motor-3m FIM-Total-3m
0.4205
0.4394
0.3524
0.3481
0.2471
0.2306
0.3836
0.2825
0.6221
0.5906
0.6936
0.6851
0.6255
0.5987
0.5031
0.5129
0.5399
0.5241
0.2266
0.2598
0.3824
0.3808
0.6013
0.6133
0.3128
0.3563
0.6258
0.6434

Results

4.3.1

Estimates of FIM-2w Scores

Our first analysis focused on estimation of FIM-2w scores from robotic and nonrobotic biomarkers. R values for estimation of FIM-Motor-2w and FIM-Total-2w
scores are shown in Table 4.3. Our results show that the largest R values for prediction
of FIM-2w scores are achieved using the Clinical-All dataset (0.829 and 0.817 for
FIM-Motor-2w and FIM-Total-2w, respectively). R values for the robotic datasets
also show high correlations of 0.742 and 0.774 for FIM-Motor-2w and FIM-Total-2w,
respectively. R values for the Object Hit dataset are almost as large as for the All
Robotic Data.
Table 4.4 displays statistical comparisons between R values obtained for some of
the best datasets to predict FIM-2w scores. R-values were compared using Fisher’s
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Table 4.4: p-values for comparison of R values between datasets. p values ≤ 0.05 are
shown in bold.
Dataset 1
Dataset 2
1 Object-Hit
FIM-2w
2 Object-Hit
Clinical-All
All
3
FIM-2w
Robotic Data
All
4
Clinical-All
Robotic Data

FIM-Motor-2w FIM-Total-2w FIM-Motor-3m FIM-Total-3m
–
–
0.484
0.468
0.043
0.145
0.484
0.291
–

–

0.203

0.184

0.074

0.215

0.203

0.333

r-to-z transformation with the null hypothesis that the diﬀerence between the two
compared R values is not statistically significant. The diﬀerence in R values between
All Robotic Data and Clinical-All is not significant (p >0.05). Estimates of FIMMotor-2w was better for the Clinical-All and the Clinical-Aﬀected datasets than for
the Object Hit dataset (p = 0.043 for Clinical-All and p = 0.045 for Clinical-Aﬀected),
but not for the FIM-Total-2w.
Tables 4.5 and 4.6 show the model parameters for predictions of FIM-2w scores
using All Robotic Data and Clinical-All, respectively. Our models generated by FOS
generalize the best using 2 basis functions for both FIM-Motor-2w and FIM-Total-2w
for the Clinical-All dataset. The models’ performance drops on unseen validation
data when including a higher number of functions due to model overfitting. Basis
functions are reported in Table 4.5 by the order in which they are selected by FOS.
Thus, the first chosen basis function is the one that contributes the most to the value
of the estimated model. Repeat rates for each model parameter are generated by
repetitively constructing optimal models using a randomly selected 90% subset of the
original data for 100 repeats and reporting how many times each metric is picked by
FOS.
For FIM-Motor-2w and FIM-Total-2w, the first dominant metric contributing

4.3. RESULTS

74

to the model estimation is the Chedoke-McMaster Score-Aﬀected, and the second
dominant metric is associated with the Purdue Pegboard Score.
For predictions of FIM scores using robotic data, the best generated models generalize best using four and five parameters for FIM-Total-2w and FIM-Motor-2w,
respectively. The first dominant metric contributing to the estimation of both FIMTotal-2w and FIM-Motor-2w is associated with the arm-position Matching task (M3:
Variability XY). The second and third dominant metrics are also parameters associated with arm-position Matching task (M5: Contraction/Expansion XY) and two
metrics associated with the Object-Hit task (OH11: Hand speed bias, OH14: Movement Area Bias).

5

4

6

5

FIM-Motor-2w

FIM-Total-2w

FIM-Motor-3m

FIM-Total-3m

# model
parameters

95
5
76
11
5
75
10
9

OH12
RA4
OH13
OH12
OH11
OH9

Repeat
rate
(%)
81
12
4

M3
RA9

M3
RA5
RA9

First
Metric
OH11
OH12
OH14
M5
OH6
OH1
OH13
RA4
OH12
OH13
RA11
OH12

Second
Metric

Repeat
rate
(%)
26
16
15
55
17
12
73
18
6
78
9
8
M5
OH1
OH12
OH14
OH11
OH12
RA11
OH13
OH7
RA11
OH5
RA7

Third
Metric

Repeat
rate
(%)
45
24
6
37
22
17
59
16
8
63
7
5
OH1
M5
OH12
M9
OH1
M5
OH5
RA11
OH7
RA7
OH7
M9

Fourth
Metric

Repeat
rate
(%)
33
21
8
28
25
19
37
12
11
34
12
11

RA11
OH5
RA4
M9
OH5
M6

N/A

OH11
RA1
M9

Fifth
Metric

49
16
11
27
18
11

N/A

Repeat
rate
(%)
23
16
10

N/A

OH5
RA4
RA11

N/A

N/A

Sixth
Metric

N/A

28
18
8

N/A

N/A

Repeat
rate
(%)

Table 4.5: Robotic metrics for prediction of FIM-related scores and their corresponding repeat rates out of 100
repeats for each model estimation using robotic data.
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Table 4.6: Robotic metrics for prediction of FIM-related scores and their corresponding repeat rates out of 100 repeats for each model estimation using clinical
data. Abbreviations are as follows. PP: Purdue Pegboard Score- Combined, CM-A: Chedoke-McMaster Score-Aﬀected Arm, CM-U: ChedokeMcMaster Score-Unaﬀected Arm.
# model
parameters

First
Metric

Repeat
rate (%)

FIM-Motor-2w

2

CM-A

100

FIM-Total-2w

2

CM-A
PP

97
3

FIM-Motor-3m

3

PP

FIM-Total-3m

3

PP

4.3.2

Second
Metric
PP
CM-U
PP
CM-A
CM-U

Repeat
rate (%)
98
2
96
3
1

100

CM-A
CM-U

85
15

100

CM-A
PP
CM-U

89
7
4

Third
Metric

Repeat
rate (%)

N/A

N/A

N/A

N/A

PP
CM-A
CM-U
CM-A
CM-U
PP

75
16
10
43
37
20

Estimates of FIM-3m Scores

We next examined the estimation of FIM-3m scores from robotic and non-robotic
biomarkers. The best performance in terms of R values for prediction of FIM-3m
scores are achieved using the All Robotic datasets (0.694 and 0.685 for FIM-Motor3m and FIM-Total-3m, respectively). This is followed by the R values obtained
using the Clinical-All dataset (0.626 and 0.643 for FIM-Motor-3m and FIM-Total3m, respectively). Also predictions of FIM-Motor-3m and FIM-Total-3m using the
respective FIM-2w scores had R values of 0.626 and 0.599, respectively. Table 4.4
compares the R values obtained using diﬀerent datasets for prediction of FIM-3m
using Fisher’s r-to-z transformation with the null hypothesis that there there is no
statistical diﬀerence between the two compared R-values. Results of the analysis
highlight that there are no statistical diﬀerences between predictions of FIM-3m scores
generated from the Clinical-All, All Robotic Data and the FIM-2w datasets.
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Table 4.5 displays the key biomarkers that contribute to each model estimation.
For FIM-Motor-3m and FIM-Total-3m, the dominant first and second metrics are
associated with the Object Hit task for both model estimations, while the third
dominant parameter is associated with the Reaching task (aﬀected side data). This
is consistent with our results in Table 4.3, where Object Hit parameters resulted
in models that generalized better for prediction of FIM scores at both 2 weeks and
three months post-stroke. The dominant Object Hit parameters include Movement
Area-Aﬀected Arm (OH12) and Movement Area-Unaﬀected Arm (OH13) for both
FIM-Motor-3m and FIM-Total-3m predictions. Reaching task parameters used for
both predictions include First Movement Direction error (RA4), First Movement
Maximum Speed Ratio (RA11), and Path Length Ratio (RA7).
Models that used clinical data for estimation of FIM-Motor-3m and FIM-Total3m scores generalize with three parameters for both scores. Similar to predictions of
scores at 2 weeks post stroke, FIM-3m estimations are best predicted using a combination of Purdue Pegboard and Chedoke-McMaster assessment scores. However,
for FIM-3m predictions the first dominant metric is associated with the Purdue Pegboard test for both FIM-Motor-3m and FIM-Total-3m. The second dominant metric
is associated with the Chedoke-MacMaster score, aﬀected side. These results are
consistent with our finding presented in Table 4.6, where both Purdue Pegboard and
Chedoke MacMaster-aﬀected side show moderate correlation values for prediction of
FIM-3m scores.
In order to investigate the presence of any trends in the residuals for the predictions made using FOS models, we chose the two datasets with the best prediction
performance from Table 4.3 (All Robotic data and Clinical All data) and plotted
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Figure 4.1: Bland-Altman diagrams for FOS prediction of FIM-Total-2w. A: FIMTotal-2w predicted using Clinical All data; B: FIM-Total-2w predicted
using All Robotic data
the Bland-Altman diagrams for four predictions: FIM-Total-2w using Clinical All
and All robotic data, and FIM-Total-3m using the same two datasets. Results of
the analysis for FIM-Total-2w and FIM-Total-3m are shown in Figure 4.1 and 4.2,
respectively. Our plots show that the residuals (Actual - Predicted scores) for all four
predictions are evenly distributed around 0, with no specific trend or model present
in the residuals.
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Figure 4.2: Bland-Altman diagrams for FOS prediction of FIM-Total-3m. A: FIMTotal-3m predicted using Clinical All data; B: FIM-Total-3m predicted
using All Robotic data
4.3.3

Estimating Clinical Scores from Robotic Data

Our next analysis examines the relationship between robotic and clinical measures of
upper limb function. Table 4.6 shows validation results on test data using robot-based
tasks to estimate the traditional clinical scores using Reaching, Matching, Object Hit,
and All Robotic data. R values for prediction of Purdue-Combined and CMS-Aﬀected
using Reaching task parameters show high correlations (0.778 and 0.775). Predictions
using All Robotic Data are slightly improved by inclusion of Object Hit and Matching
data (0.791 and 0.810).
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The predictions of BIT score using robotic data shows moderate correlations with
each set of robotic task data and a relatively high R value of 0.678 when using All
Robotic Data. All R values except for the Chedoke-McMaster Score-Unaﬀected were
significant at p < 0.005 (testing for the null hypothesis of no correlation between
actual and predicted scores). The correlation values for the Modified Ashworth Score
are low (R = 0.235 and 0.266 for aﬀected and unaﬀected arms, respectively). This is
in line with the findings in [17] for the Modified Ashworth score, where they report
R = 0.08−0.17 for validation data for predictions made using robot-based kinematics.
Table 4.7 also shows the key robotic biomarkers for prediction of these clinical
scores. The dominant first and second robotic metrics for prediction of PurdueCombined and CMS-Aﬀected are both associated with the Reaching (RA12 and RA5)
and Object Hit (OH1 and OH8) task, while there is some small contribution from the
Matching task as the third metric. For prediction of BIT score, the major contributions are from the Matching (M2) and Reaching task (RA11 and RA6), with smaller
contributions from the Object Hit tasks as the third metric.

0.778

0.775

0.096(NS)

0.211

0.193(NS)

0.510

Purdue-Combined

CMS-Aﬀected

CMS-Unaﬀected

MAS-Aﬀected

MAS-Unaﬀected

BIT Score

Reaching

0.488

0.063(NS)

0.052(NS)

0.006(NS)

0.394

0.567

Matching

0.415

0.233

0.038(NS)

0.043(NS)

0.714

0.698

Object
Hit

0.678

0.266

0.235

0.097(NS)

0.810

0.791

All
Robotic
Data
Repeat
rate (%)
61%
28%
10%
63%
21%
11%
18%
16%
12%
45%
21%
13%
32%
24%
11%
48%
30%
14%

First
Metric
RA12
OH1
RA5
RA5
R12
RA3
OH1
M8
M4
RA1
OH8
OH1
OH14
OH7
RA12
M2
RA11
RA3

OH1
RA2
M3
RA3
OH8
RA2
OH2
M4
RA5
OH8
RA9
M8
RA12
M1
RA5
RA6
RA3
M2

Second
Metric

48%
24%
17%
46%
31%
13%
21%
13%
10%
30%
22%
10%
27%
19%
11%
38%
26%
20%

Repeat
rate (%)

N/A
31%
25%
17%

OH8
OH1
M1

N/A

N/A

31%
21%
12%
39%
28%
19%

Repeat
rate (%)

N/A

N/A

N/A

M9
OH8
RA3
OH13
M1
RA2

Third
Metric

Table 4.7: R values on validation data for robot-based models to predict other clinical scores and the robotic
metrics associated with the model based on all robotic data. Abbreviations are as follows. Matching:
Arm position matching task; Reaching: Visually-guided reaching task, aﬀected, unaﬀected and interlimb
parameters; Object Hit: Ball drop object hit task; CMS: Chedoke-MacMaster Score; MAS: Modified
Ashworth Score; NS: Not significant for p <0.005.
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Discussion

The purpose of the present study was to identify the biomarkers of sensory and motor
function of the arms at approximately two weeks post-stroke to estimate present and
future FIM scores. Our results highlight that robotic and non-robotic assessments
were not statistically diﬀerent when predicting FIM-2w and FIM-3m scores. There
was a general trend towards better estimates for clinical biomarkers to predict FIM2w scores and robotic biomarkers to predict FIM-3m scores. Importantly, robot-based
biomarkers of proprioceptive function were influential for predicting FIM scores at 2
weeks, whereas biomarkers related to rapid bimanual motor function were influential
for predicting FIM scores at 3 months.
Robot-based measures predicted Purdue Pegboard and Chedoke-McMaster Scores
with high R values of 0.8 for the aﬀected limb within approximately 2 weeks poststroke. Our predicted R value for the Chedoke-McMaster score is statistically higher
than the results obtained in [17] for robot-based estimates of the Fugl-Meyer Assessment and Motor Power (0.427 and 0.449 respectively, on validation data). The fact
that the prediction of these two clinical scores is attributed to robotic parameters
associated with the Reaching and Object Hit tasks is in line with the observation
that these two clinical tests are predominantly dependant on motor skills. Our improved estimates likely reflect two distinct factors. First, our mathematical models
using FOS can consider non-linear relationships rather than simple linear regressions.
Secondly, our range of robotic tasks covered a broader range of assessments of brain
deficits including bimanual rapid visuomotor and proprioceptive tasks. While correlations were generated largely from measures of visual-guided reaching performance,
there was some contribution from the limb matching and object hit tasks.
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R values associated with prediction of BIT scores are also relatively high (0.678
using all sets of robotic data). Previous studies have reported significant correlations
between BIT and some robot-based metrics associated with motor function [140]
(correlations as high as 0.50) and proprioceptive deficits [137] (correlations as high
as -0.55) following stroke. In the present study we directly attempted to develop
models to predict measures of spatial neglect using robot-based evaluation metrics
for subjects with stroke. The correlation associated with BIT was attributed to measures of limb position matching and reaching performance with a smaller amount of
contribution from the object hit task. This is in line with the inherent characteristics
of the reaching task, which quantifies reaching performance across targets at eight
diﬀerent spatial locations and the limb position matching task, which assesses sense
of position across nine diﬀerent spatial targets.
Predictions of Modified Ashworth Scores resulted in poor prediction performance
for both aﬀected and unaﬀected limbs (0.235 and 0.266, respectively). These results
conform to the findings of [17] (0.171 on validation data), although our R values are
found to be statistically significant for p<0.005 (testing for the null hypothesis of
no correlation between actual and predicted scores), which may be attributed to our
non-linear modeling approach.
The ability of non-robotic assessment measures to predict FIM-2w scores better
than robot-based measures may be related to the impact of weakness on subject
performance. Weakness is commonly observed post-stroke, and when severe, makes
it impossible to perform any motor activity due to gravitational forces impeding goaldirect movements of the limb. This would directly impact the ability to perform daily
activities as measured by FIM, as well as performance in the Purdue pegboard test
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and the Chedoke-McMaster test. In contrast, the robotic device provided weight
support of the arms. Thus, subjects unable to lift their arms due to weakness may
still be able to perform reaching and object hit movements to a certain degree. It
is interesting to note that the dominant robot-based biomarker to predict FIM-2w
scores was related to proprioceptive function from the arm position matching task.
Our previous study using this task identified high correlation between FIM scores
and matching task parameters [137]. This suggests that proprioceptive function is
important to plan and control many activities of daily living, such as grooming, eating
and bathing. Moreover, proprioceptive deficits in the arm and leg are correlated [25],
and thus, may indirectly predict diﬃculties in performing lower limb activities such
as locomotion. Also, it has been noted previously that proprioceptive deficits do
not correlate with motor skills such as reaching post stroke [42]. This explains the
presence of additional non-matching task parameters in models for predicting FIM-2w
scores.
Over the course of rehabilitation between first and second FIM measurements,
the prediction of FIM-3m scores using robot-based measures was slightly, although
not statistically, better than clinical scores and FIM scores measured at two weeks.
The dominant parameters attributed to the prediction of FIM-3m are associated with
the object hit task. The selected parameters in the robot-based models provide some
insight as to the relative success of the robot-assessment to predict future abilities to
perform daily activities. First, Movement Area by both aﬀected and unaﬀected hands
from the object hit task were the most commonly selected parameters when developing
models to predict future FIM scores. This is consistent with our understanding of the
ability to perform daily activities, as the wider span of hand movements can prove to
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amount to a higher level of independence during activities of daily living. In general,
dominance of object hit task parameters for prediction of future FIM scores highlights
the fact that weakness in moving would amount to subjects not being able to quickly
move arms for success on the object hit task. Moreover, the majority of parameters
on the object task have inter-rater reliability scores above the statistically accepted
norm of 0.8 [151].
Second, the relative success to predict future FIM scores may be related to the
fact that robot-based models commonly selected parameters that characterize diﬀerences in limb movement, measures that compared object hit performance between
the aﬀected and unaﬀected limb. This includes parameters such as Miss bias, Hand
speed bias and Hand selection overlap. These inter limb measures neutralize diﬀerences in each subject’s motor strategy, making it easier to capture diﬀerences in motor
capabilities between the limbs.
Third, the fact that the robot provided weight support for the limb may have
reduced its ability to predict FIM-2w scores, but paradoxically may have improved
its ability to predict FIM-3m scores. Many subjects with stroke and motor deficits
will improve strength with time. By alleviating weight support, the robot-based tasks
assess other aspects of sensorimotor function beyond strength, allowing us to uncover
other important impairments that can impact long term abilities to perform daily
activities.
A recent study similar in nature to the present study was performed by Krebs,
et al. [90]. They used a neural network technique to construct mathematical models
for prediction of a set of clinical scores including Fugl-Meyer, National Institute of
Health Stroke Scale, and Motor Power based on robotic measurements. This study
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was performed for a group of “completers” (who had complete data for days 7 and
90 after stroke) and non-completers (who had some missing data on day 7 or 90).
The main diﬀerence between that study and the present one is that the robotic data
used for model generation for that study are collected at the same time as robotic
evaluation. In contrast, our study uses data collected at day 14 to make predictive
models on FIM measurements approximately 3 months post stroke. Reported R2
values in that study range from 0.45-0.6 for the non-completer group and 0.58-0.75
for the “completer” group. Thus, our estimates of future FIM scores are relatively
good given the challenge of predicting FIM scores several months in the future and
following rehabilitation therapy.
One of the limitations of our present study is the absence of behavioral tasks for
assessment of cognitive brain function. FIM-Total is comprised of five items for assessment of cognition including memory, problem solving, and concentration. Robotbased predictions of FIM-Total-2w tended to be better for than for FIM-Motor-2w,
suggesting cognitive impairments likely impact performance in these tasks. Importantly, one of the advantages provided by robotic assessment is the potential to study
behavioral tasks to quantify impairments in a broad range of sensory, motor and
cognitive functions. Recently several other tasks to assess the sense of limb motion
[136], ability to use sensory feedback for postural control [18] and bimanual motor
function [104] have been developed on the robot. As well, there are more cognitively
demanding tasks on the robotic system: an extension of the object hit task used in
the present study is an object hit and avoid task, which requires additional cognitive
processing to attend to the appropriate targets and inhibitory control to avoid distractors present in the workspace. Moreover, the pen-and-paper trail making test [125]
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that examines task switching has also been implemented on the robotic platform.
When data on these tasks are added to the analysis, we expect that we will be able
to make improved predictions on the ability of subjects to perform daily activities,
as measured by the FIM, both at the present and in future time points.
One of the advantages of using robotic technologies for prediction of FIM scores
lies in the ability to discover the parameters that are most selected in the models to
improve the predictions of FIM. This has the potential to ultimately lead to a better
understanding of the underlying changes through the rehabilitation process that may,
in turn, lead to improved patient care.
Given the limited amount of available data and related studies in the use of robotic
technologies for post-stroke neurorehabilitation, our collective analysis suggests that
robotic technologies may enable early decision support in clinical assessment, reduce
the amount of time required for assessment, and oﬀer a reliable tool for monitoring
of longitudinal changes for stroke survivors in conjunction with the current clinical
scales. With addition of extra data for assessment of other areas of brain dysfunction,
we expect to come up with improved decisions for patient care. The present study
serves as a proof of principle, with the addition of other forms of data providing extra
benefits.

4.5

Conclusions

The study presented in this chapter used biomarkers generated from a set of three behavioral robotic tasks to estimate measures of daily activities pre- and post-rehabilitation.
Findings of the study highlight that robot-based metrics provide an accurate estimate
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of future FIM scores, in line with estimates provided by clinical scores at approximately two weeks post-stroke. While the findings of this study provide a proof of
principle for use of robotic tools in clinical decision support, adding other behavioral
tasks is expected to provide more accurate predictions in the future.
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Chapter 5
Hierarchical Task Selection for KINARM

This chapter presents a framework for addressing the problem of increasingly long
assessment time on the KINARM assessment protocol. To address this problem, this
chapter investigates how non-linear hierarchical ordering theory can be applied to
determine the ordering on a set of five tasks on the KINARM assessment protocol.
Evaluation is based on task discretization, which determines whether an individual
passes or fails a certain task on the robot. Furthermore, the FOS modeling technique
introduced in the previous chapter is used to assess the predictive power of each
robotic task for estimation of other task parameters. Based on the results of the
analysis, a hierarchical task selection strategy for the KINARM assessment protocol
is proposed and the potential eﬃciencies that it provides are discussed.

5.1

Motivation and Objective

Many studies in the literature highlight the fact that the potential for functional recovery is higher in the first few days and weeks following stroke [154, 44]. Therefore,
the appropriate course of therapy is best achieved in a short time frame after the
occurrence of stroke. As a consequence, clinicians have only a short time frame to
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assess the damage to the brain and decide on the appropriate course of therapeutic
intervention. Any delays in the process of stroke assessment can, in turn, lead to
delays in the course of treatment despite evidence for the importance of early rehabilitation [13]. This underscores the need for accurate and eﬃcient tools for assessment
of functional impairments post-stroke.
The behavioral tasks performed on the KINARM robot are used to assess sensorimotor, proprioceptive and cognitive brain function. The current KINARM assessment
procedure takes approximately 75 minutes to complete, and includes, among many
tasks, a visually guided reaching task [31], limb position matching task [43], limb
motion task [136], postural perturbation task [18], bimanual skill task [104], and a
rapid target interception task [151]. With the addition of more tasks to the KINARM
assessment protocol, the length of time to assess each subject continues to grow causing potential fatigue and incomplete robotic assessment for stroke survivors. This
leads to the question of whether the time required for the overall assessment can be
reduced while still retaining the maximum amount of information to quantify subject
performance across a broad range of neurological functions. Hence, a computational
approach is required to augment the decision making process with respect to KINARM data collection and analysis.
Computational approaches have been previously applied to sequential clinical decision making in an attempt to enhance the treatment of chronic disorders. These
techniques include, but are not limited to, Markov-based approaches [12] and decision trees [143] [100] to model sequential clinical decisions. Markov model approaches
are particularly distinguished by their simplicity and ease of use in representation of
clinical problems. In such models, diﬀerent clinical stages/conditions are represented
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by the diﬀerent states of the Markov model, with the possibility of transition to a
diﬀerent state over the course of the therapeutic intervention [12]. These transitions
are represented as arrows from/to diﬀerent states and are assigned diﬀerent transition
probabilities. The simplicity of this modeling technique is achieved by a strong assumption known as the Markov assumption [81], which requires that knowing only the
present state of the model is suﬃcient to project the entire trajectory of future states.
As an alternative modeling strategy, decision trees allow a therapeutic management
problem to be separated into discrete, manageable units. The overall structure of the
problem, including all reasonable choices and their eﬀects, form the central component of the decision tree. Events that may sometimes occur, depending on choices
made and the eﬀects of chance, are represented as probabilities. As each potential
outcome is described in the tree structure, a utility value is assigned to represent the
relative value of each outcome. The decision tree framework works well for modeling
situations where events occur once over a short span of time, but may become problematic and cumbersome for situations where the problem involves events that may
occur repeatedly or over prolonged time periods [143]. In all modeling techniques,
the ultimate target is to come up with an optimal sequence of decisions for meeting
a desired objective. The treatment of time [143] and the trade-oﬀs between solution
quality and solution time [160] is a critical aspect in any clinical decision making. Ordering theoretic methods are a class of computational algorithms that identify linear
and non-linear hierarchies among a set of given tasks. This class of techniques can
be used to arrange the tasks in the order of their diﬃculty, and have been previously
applied for determination of ordering in many application domains, including analysis of logic games [7], reading acquisition process [130], and educational assessment
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[10]. To the best of our knowledge, using ordering theory has never been investigated
in the context of time reduction and in particular for applications in the domain of
clinical decision making.
There are a number of strategies by which the total assessment time can be reduced
on the KINARM assessment protocol. These include strategies such as reduction of
the length of individual tasks [114], identification of redundancies between similar
tasks [115], and identification of a hierarchical structure amongst a limited set of
robotic tasks [113]. The latter approach is performed such that the information
gathered in an earlier task may be used to eliminate the need for a later task in the
hierarchy.
In this chapter, we consider the application of a non-linear hierarchical ordering
technique to determine the order of a set of five robotic tasks on the KINARM
assessment protocol. These tasks include visually guided reaching task performed on
both aﬀected and unaﬀected arms of stroke survivors, arm position matching task,
object hit task and object hit and avoid task. The analysis is based on discretized
tasks, whereby an individual either passes or fails a certain task on the robot. In
particular, we investigate how this ordering can be used to arrange the robotic tasks
in a hierarchical structure to potentially shorten the assessment procedure. This is
done in such a way that pass/fail results for a task earlier in the hierarchy can be used
as a guide to decide if there is a need for another robotic task later in the hierarchy.
Results of the analysis are further supported by predicting the parameters of a robotic
task by parameters of other robotic tasks using a non-linear modeling technique known
as fast orthogonal search. This allows us to examine the predictive power of each set
of task parameters for prediction of other task parameters. Finally, a hierarchical task
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selection procedure for the KINARM assessment protocol is constructed based on the
inferred hierarchical structure and the potential time saving eﬃciencies provided are
discussed.

5.2
5.2.1

Methodology
Participants

One hundred and sixteen stroke patients at St. Mary’s of the Lake Hospital (Kingston, ON, Canada), Dr. Vernon Fanning Care Center (Calgary, AB, Canada), and
Foothills Hospital (Calgary, AB, Canada) were recruited for robotic evaluation using
the KINARM exoskeleton robotic device in addition to one hundred and twenty five
age-matched control subjects. Participants were excluded if they had a history of nonstroke neurological impairments, an acute medical illness, or ongoing musculoskeletal
compromise of the shoulder or elbow. Participants had to understand the instructions
for the testing procedure and provide informed consent. The study was approved by
the institutional ethics review boards. Table 5.1 represents the demographics of the
participants.

5.2.2

Robotic Assessment

Robotic assessment was performed using the KINARM exoskeleton robotic device,
as described in Chapter 3. Five robotic tasks that assess sensorimotor, cognitive and
proprioceptive brain function were administered to each subject in a single experimental session [135]. The total assessment time to complete the set of five tasks
was approximately 30 minutes. The robotic tasks were as follows: visually guided
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Table 5.1: Participants’ demographics

2

Number of subjects
116
L/R aﬀected
64/52
Type of stroke
81/35
(Ischemic/Hemorrhagic)
Age (years)
(61.5, 13.8, 33, 90)1
BIT score
(139.2, 9.3, 86, 146)1
Chedoke-McMaster score (0, 0, 14, 6, 51, 23, 23)2
FIM
(101.2, 17.3, 40, 126)1
1
Formatting represents (Average, Standard Deviation, Minimun, Maximum)
Formatting represents number of participants with Chedoke McMaster Score of (1,
2, 3, 4, 5, 6, 7)

reaching task (aﬀected arm), visually guided reaching task (unaﬀected arm), arm position matching task, object hit task, and object hit and avoid task. The parameters
for visually guided reaching task, arm position matching task, and object hit task
were listed in Table 4.2. In this chapter, parameters for visually guided reaching task
(aﬀected arm) and visually guided reaching task (unaﬀected arm) are abbreviated by
RA and RU followed by a number, respectively. Parameter numberings are the same
as those in Table 4.2. Parameters associated with the object hit and avoid task are
abbreviated by OHA followed by a number. Parameter numberings are the same as
those for OH task in Table 4.2 for OHA1-OHA14. Three extra parameters associated with OHA task are as follows. OHA15: Distractor hits aﬀected arm, OHA16:
Distractor hits unaﬀected arm, OHA17: Distractor hits total.

5.2.3

Inference of Task Hierarchy

Figure 5.1 shows the diﬀerent stages for construction of a hierarchical task selection
strategy for data collected by KINARM. In order to come up with a task selection
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hierarchy, three separate analyses are performed on the raw data collected by KINARM (color coded as red, green and blue boxes in Figure 5.1, KINARM collected
data is color coded as gray boxes). These three analysis procedures include hierarchical ordering at task level (red boxes), and parameter level (green boxes) as well
as an analysis on the prediction power of the set of each task parameters for estimation of other task parameters (blue boxes). The main analysis that determined
the final hierarchical task selection strategy was the analysis using ordering theory at
both parameter and task levels (red and green boxes), while the parameter estimation
analysis was performed as a secondary analysis to verify our approach. The entire set
of these analyses are based on the data collected in the KINARM robotic assessment
at both task and parameter levels. For hierarchical task analysis, after discretization
of robotic parameters, this data is used for task discretization. Hierarchical ordering
is then applied to the discretized task data to obtain a hierarchy among the set of
five robotic tasks, as described in the previous section. For analyses at the parameter level, we use ordering theory on the discretized parameters directly to obtain a
ranking on the individual set of discretized parameters. In a separate analysis, the
task data obtained by robotic assessment for each robotic task is used by a modeling
approach known as Fast Orthogonal Search (FOS) to produce estimates of robotic
parameters of other robotic tasks. These estimations are then validated using (i) classification of stroke and control data and (ii) estimation of clinical scores, by observing
a comparison between actual robotic data vs. data estimated using FOS. The results
of the above analyses are collectively then used to construct a task selection hierarchy
for the KINARM assessment protocol.
Details of these approaches are discussed in more detail in the subsections below.
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Figure 5.1: Flowchart of the diﬀerent stages involved in the inference of a hierarchical
task selection structure for KINARM

5.2.4

Ordering Theory

Ordering theory is an extension of scalogram procedures [61], and identifies linear
and non-linear hierarchies among a set of binary items or tasks. Scalogram analysis
is an approach aimed at ordering a group of items or tasks into a linear hierarchy
[6]. A hierarchy of tasks is called linear if the arrangement of tasks in the hierarchy
is such that only one task appears at any level of the hierarchy and only one task is
immediately pre-requisite to any other task.
Ordering theory extends scalogram techniques to a non-linear hierarchy of tasks.
It is a fundamental measurement approach primarily applied for two purposes: determination of hierarchy for a set of dichotomous task items or testing a hypothesized
hierarchy among a set of binary tasks [11]. In the present study, we applied ordering
theory in the context of the first objective.
Although there are many diﬀerent ways of describing ordering theory, it is most
conveniently expressed as a deterministic modeling approach to identify linear and
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non-linear pre-requisite relations among a set of tasks [11]. An item i is a pre-requisite
to an item j, if the (0, 1) response pattern, where 0 represents the score on item i and
1 represents the score on item j, does not occur frequently (as defined by a preset
tolerance level for the allowed number of instances). The (0, 1) response pattern, as
described above, is considered as a disconfirmation that task i is a pre-requisite to
task j since this is the only response pattern that implies that a correct response to
task i is a pre-requisite to a correct response to task j.
Consequently, ordering theory identifies necessary, but not suﬃcient, conditions
between a set of tasks. The information provided by the application of ordering to a
pair of binary scored tasks can be summarized as the following types of relationships:
(i) Pre-requisite Relation: A task i is found to be prerequisite to another task j,
if the score of 0 for task i co-occurs with a score of 1 for task j less frequently than
a predefined tolerance level. This implies that if a subject can successfully complete
task j we can infer that they can also complete task i.
(ii) Equivalence Relation: A task i is found to be equivalent to another task j,
if diﬀerent response patterns for the two tasks i and j (i.e. (0, 1) or (1, 0) response
patterns) occur less frequently than a predefined tolerance level.
(iii) Independence Relation: A task i is found to be independent of another task
j, if the response pattern of scores for task i is unrelated to the scores of task j.
There is a shared limitation between ordering theory and scalogram analysis on
the definition of pre-requisite, equivalence and independence as described above. Both
these modeling techniques are deterministic and not probabilistic in the sense that
they do not intrinsically deal with the probability of encountering random error in
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Table 5.2: Example of a pre-requisite relationship inferred by ordering theory

Play Soccer

Pass (1)
Fail (0)

Walk
Pass (1) Fail (0)
70
1
14
15

the observed response patterns. Instead, ordering theory relies on using a preset tolerance level of error. The preset tolerance level determines the number of acceptable
disconfirmations in establishing a pre-requisite or equivalence relation between two
tasks. Thus, for a 5% tolerance level and n subjects, for instance, one would tolerate at most ⌊0.05 ∗ n⌋ disconfirmatory response patterns between two tasks before
accepting a pre-requisite relation.
In order to determine the hierarchy among the set of five robotic tasks, we first
applied task discretization (see next subsection) to determine a 0 or 1 score for every
subject with stroke on all tasks. We then performed an analysis to determine the
number of (0, 1) and (1, 0) response patterns for every possible pair of tasks among
the five robotic tasks. Based on this, we determined the pre-requisite relationships
between the associated task pairs at 5% and 10% tolerance levels. We refer to these
as strong pre-requisite and weak pre-requisite relationships, respectively. If a strong
or weak pre-requisite relationship cannot be inferred between a pair of tasks based
on observed data, the pair of tasks are assumed to be independent.
Example of pre-requisite relation: Suppose we collect data from a population of
100 individuals on their abilities to walk and their abilities to play soccer. Further
assume that this ability is expressed as a pass (denoted by 1) or fail (denoted by 0)
criterion. A hypothetical Pass/Fail space for these two tasks for the population of
100 individuals is shown in Table 5.2. Ordering theory states that in order to infer

5.2. METHODOLOGY

99

a relationship between a pair of tasks, it is suﬃcient to only consider the situations
where individuals pass one task and fail the other task (i.e. (0,1) and (1,0) pairs).
In this particular example, there are 14 individuals who pass the “Walk” task, but
fail the “Play soccer” task. In contrast, there is only one individual who passes the
“Play soccer” task, but fails the “Walk” task. Since 1 is smaller than 5% of the total
number of individuals in this particular example, a strong pre-requisite relationship
is inferred between “Walk” and “Play soccer”. This can be represented as a thick
arrow from “Walk” to “Play soccer”: Walk −→ Play soccer.
5.2.5

Parameter and Task Discretization

Ordering theory is based on a set of binary items and tasks. As such, it is essential
to transform the measured parameters within each task into a set of binary items. In
the present study, we transform measured task parameters/tasks into binary items
by comparison of the performance of subjects with stroke to control subjects and
defining a pass/fail on the parameters/tasks as follows. A subject with stroke is
assumed to fail a measured parameter on a robotic task if their performance score
on that parameter falls outside the 95% range of control subjects (above or below
depending on direction expected for impairments). We define pass/failure on a task
as follows: a stroke subject is assumed to have failed a robotic task, consisting of a
group of parameters described above, if they fail on more parameters than 95% of
control subjects. Otherwise, the stroke subject is assumed to have passed the robotic
task.
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Parameter Ranking Based on Ordering Theory

The discretized parameters representing all five tasks in the present study were ordered using ordering theory. This forms a dependency graph amongst the set of all
parameters, whereby each arrow in the graph between two parameters represents a
pre-requisite relationship between the two task parameters. This graphical structure
was then used to develop a score for each task parameter, which indicates the number of task parameters that are pre-requisite to the parameter in question (henceforth
referred to as the incoming node score) and the number of task parameters for which
the parameter in question is a pre-requisite for (henceforth referred to as the outgoing
node score). This provides a method for ranking the task parameters based on the
pre-requisite regime as defined by the ordering theoretic approach.
Furthermore, the ranking strategy makes a distinction between parameters from
the same task and parameters from diﬀerent tasks. As such, if the inferred prerequisite relationship is between two parameters from diﬀerent tasks, this counts as
a full dependency and is assigned a score of 1 for both the incoming and outgoing
nodes when calculating the node score. On the other hand, if the inferred pre-requisite
relationship is between two parameters from the same task, this counts as a partial
dependency and is assigned a score of 1/N , where N is the number of parameters for
that task, for both the incoming and outgoing nodes when calculating the node score.
This is designed such that the ranking strategy ranks dependencies among diﬀerent
tasks higher than those between the same task parameters.
Intuitively, a high incoming node score for a particular task parameter indicates
that there are many other task parameters that are pre-requisite to the parameter in
question. Therefore, a pass result (score of 1) for this parameter leads to a pass result
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for many other parameters. Similarly, a high outgoing node score for a particular task
parameter indicates that there are many other task parameters for which the parameter in question is a pre-requisite to. This means that there are many parameters for
which a pass result leads to the pass result for the parameter in question, indicating
a high level of redundancy.

5.2.7

Fast Orthogonal Search

Details of FOS were discussed in the previous chapter. In the study presented in this
chapter, FOS is used for two purposes. First, to assess the predictive power of a set of
robotic task parameters for estimation of parameters associated with another robotic
task. This is done by constructing a model that takes parameters associated with a
set of tasks as input for prediction of a set of parameters associated with a diﬀerent
task as output. If the set of parameters for one task is predicted using another set
of task parameters, this indicates that the task that has a higher predictive power
can potentially be placed at a higher level in the task hierarchy. In contrast, if a set
of task parameters is not predicted well using all other task parameters, this would
indicate the independence of that task from all other tasks in the hierarchy. Second,
to assess the predictive power of a set of robotic tasks to estimate a set of clinical
scores assessed at the same time as the robotic evaluation. These clinical scores
include the Purdue Pegboard score, Chedoke McMaster Score-Aﬀected Arm (CMS),
Behavioural Inattention Score (BIT), and Functional Independence Measure (FIM).
Results of such an analysis can be used as a validation framework to test whether
there is any diﬀerence in prediction of these clinical scores for actual robotic data vs.
estimated robotic data.
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Table 5.3: Number of subjects in (1,0) and (0,1) cells between each of the five robotic
tasks for 116 subjects, indicating the number of subjects who passed one
task and failed the other task. (1,0): Passing row/failing column task.
(0,1): Failing row/Passing column task.

RU
(1,0) (0,1)
RA 4
RU
Match
OH
1
2
3
4

Pattern
Pattern
Pattern
Pattern

5.3

indicates
indicates
indicates
indicates

521

Match
(1,0) (0,1)
18
46

284
164

OH
(1,0) (0,1)
16
60
30

102
51
62

OHA
(1,0) (0,1)
26
72
44
11

51
41
51
83

strong pre-requisite relation.
weak pre-requisite relation.
weak equivalence (bi-directional weak pre-requisite relation).
independence of tasks.

Results

5.3.1

Task Ordering Analysis

Results of our analysis for pairwise ordering among the set of five robotic tasks is
presented in Table 5.3. Based on the number of subjects who pass/fail each pair
of tasks, we observe four distinct patterns of relationships between these tasks: (i)
strong pre-requisite relation: RU is a strong pre-requisite of RA, OH and OHA tasks,
RA is a strong pre-requisite of OHA task, and Match is a strong pre-requisite of OHA
task; (ii) weak pre-requisite relation: RA and Match are both a weak pre-requisite of
OH task; (iii) independence: RA and RU are both independent of Match, and (iv)
weak equivalence: OH and OHA are related by weak equivalence.
Based on the results obtained by pairwise ordering on the set of tasks, we determined a hierarchy of pre-requisite relations between diﬀerent tasks and depicted a
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Figure 5.2: Hierarchy of pre-requisite relationships between the set of five robotic
tasks.
Table 5.4: Top 8 robotic parameters with highest incoming/outgoing node scores.
Top 8 parameters with
highest incoming node scores

OHA1
OHA3
OHA8
OHA17
OH1
OHA6
RA5
OH3

Intra-task
Parameters

Inter-task
parameters

9
9
9
9
4
3
1
2

43
43
43
43
28
28
22
20

Top 8 parameters with
highest outgoing node scores
Incoming
Node
Score
43.53
43.53
43.53
43.53
28.29
28.18
22.08
20.14

RU10
RU13
RU8
RU2
M8
RU6
RU7
RU5

Intra-task
Parameters

Inter-task
Parameters

0
0
0
0
3
0
0
0

24
23
21
21
20
15
15
14

Outgoing
Node
Score
24.00
23.00
21.00
21.00
20.33
15.00
15.00
14.00

diagram that shows the orderings in Figure 5.2. Strong and weak pre-requisite relations are indicated by solid and dashed arrows, respectively. An arrow from task A
to task B indicates that task A is a pre-requisite of task B. Two arrows in opposite
directions between two tasks represents an equivalence relation between the pair of
tasks. If there is no arrow between any pair of tasks, the two tasks are independent.
The hierarchy of tasks depicted in Figure 5.2 is arranged so that the general direction
of arrows is from left to right, whereby tasks on the left are pre-requisite to tasks on
the right.
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Figure 5.3: Incoming/Outgoing node scores for all parameters for the set of five
robotic tasks. Five tasks from left to right: RA, RU, Match, OH and
OHA. Incoming and outgoing node scores for each parameter are indicated by hollow and filled circles, respectively.
5.3.2

Parameter Ranking

After parameter discretization based on comparison with 95% of control subjects,
robotic parameters were assessed for pre-requisite relations by pairwise application
of the pre-requisite ordering technique between each pair of robotic parameters associated with all five robotic tasks. This infers a graphical structure for robotic parameters similar to the one shown in Figure 5.2 for robotic tasks. The total number
of incoming/outgoing nodes for each robotic parameter was calculated based on the
pre-requisite relation between robotic parameter pairs. Figure 5.3 shows the number of incoming/outgoing nodes for each robotic parameter, grouped by the set of
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five robotic tasks. Table 5.4 lists the top eight robotic parameters with the highest
incoming/outgoing node scores. These parameters are also highlighted with green
(outgoing) and white (incoming) arrows on Figure 5.3. Out of the top eight nodes
with the highest outgoing node score, seven nodes (i.e. parameters) are associated
with RU and one parameter associated with the matching task. All these seven RU
parameters have an incoming node score of zero (and also all other RU parameters).
This indicates that these RU parameters are all pre-requisites to other task parameters, and no other task parameters are pre-requisite to these RU parameters. In
contrast, five of the top eight nodes with the highest incoming node scores are associated with the OHA task, and the remaining three are associated with OH and
RA tasks. This shows that there are many parameters from other tasks that are
pre-requisite to parameters from the OHA and OH tasks.

5.3.3

Estimation of Robotic Parameters

To assess the predictive power of each task for making estimations about parameters associated with other tasks, the set of robotic parameters for each robotic task
was used to make estimations about parameters of other robotic tasks using FOS.
Furthermore, the set of robotic parameters associated with all four robotic tasks (all
tasks except for the task in question) were also used for parameter estimations (ALL
Tasks). Results of the analysis for these predictions are reported in Figure 5.4. Each
of the five panels A-E represents the R-values for predictions of parameters associated
with one of the tasks. Estimations for each group of robotic parameters associated
with each robotic task is represented as a box-plot indicating the percentiles for the
R-values of estimations, with higher R-Values indicating better predictions.
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Table 5.5: Comparison of sensitivity, specificity, and accuracy values for separation
of stroke vs. control using actual and FOS predicted robotic data
Sensitivity
Actual (%)

Sensitivity
Predicted(%)

Specificity Specificity
Actual(%) Predicted(%)

Accuracy Accuracy
Actual(%) Predicted(%)

RA
Match
OH
OHA

88.1±1.1
76.2±2.3
82.6±1.9
83.7±1.3

87.7±2.3
75.1±2.3
82.2±1.3
82.9±1.6

86.7±0.6
72.1±1.0
81.5±1.6
81.8±1.0

87.2±0.6
73.5±1.3
82.0±1.7
82.3±1.5

5.3.4

Stroke vs. Control Classification

86.2±1.8
72.1±2.3
81.2±1.1
81.4±0.9

86.8±1.8
73.0±1.2
81.6±1.1
81.8±1.4

In order to assess the quality of the estimated robotic data using FOS, we performed
a comparison of actual and estimated robotic data (using ALL tasks) by comparing
the classification performance for separation of stroke vs. control subjects based on
the two datasets. The analysis was performed for RA, Match, OH and OHA tasks
and results of the analysis are summarized in Table 5.5. Classification performance is
reported as the mean±SD values for sensitivity, specificity, and accuracy for the three
datasets based on 10-fold cross validation repeated 100 times. Classification accuracy
based on actual data ranged between 73.5% and 87.2% for diﬀerent robotic task data,
and there was less than 1% diﬀerence observed on classification performance between
actual and predicted datasets. A paired sample t-test between actual and predicted
data (with the null hypothesis that there is no diﬀerence between the mean of the
two compared distributions) reports no diﬀerence between classification performance
between the two groups for classification sensitivity, specificity and accuracy at the
5% significance level.

5.3. RESULTS

107

Figure 5.4: R-Value box plots for estimation of each set of robotic parameters associated with five robotic tasks using parameters from each of the other tasks
and the set of all other parameters (represented as “ALL tasks”) . Figure
panels A: RA task, B: RU task, C: Match task, D: OH task, E: OHA task
5.3.5

Estimation of Clinical Scores

A second analysis for validation of estimation of robotic parameters by FOS was to
use the estimated parameters to make predictions about a set of measured clinical
scores. We experimented the quality of the estimated robotic datasets by comparing
the quality of predictions of a set of clinical scores assessed at the same time as the
robotic evaluations using both actual and estimated robotic data. These clinical scores
include the Purdue Pegboard Score [142], Chedoke McMaster Score [57], Behavioural
Inattention Score (BIT) [157] and the Functional Independence Measure (FIM) [80].
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Table 5.6: R-Values for prediction performance of actual vs. estimated robotic data
for prediction of clinical scores: Purdue Pegboard Score, CMS, BIT and
FIM

Purdue-Combined
CMS-Aﬀected
BIT Score
FIM Score-First

Reaching
Actual
0.78
0.74
0.48
0.71

Reaching
Estimated
0.76
0.71
0.44
0.68

p- value
0.73
0.67
0.69
0.65

Matching
Actual
0.55
0.37
0.51
0.52

Matching
Estimated
0.53
0.33
0.48
0.45

p- value
0.85
0.72
0.79
0.58

Object Hit
Actual
0.70
0.70
0.43
0.75

Object Hit
Estimated
0.68
0.67
0.45
0.69

p- value
0.79
0.64
0.84
0.44

Quality of predictions for these scores is assessed using the coeﬃcient of determination (R-Value). The values of the coeﬃcients between actual and estimated data
were compared using the Fisher’s r-to-z transformation [48] with the null hypothesis
that there is no statistical diﬀerence between the two correlation coeﬃcients. The
resulting p-values are reported in Table 5.6. Results of the analysis indicates no difference between R Values of actual and estimated robotic data for all robotic tasks
at 5% significance level.

5.3.6

Comparison of OH and OHA Tasks

Analysis of robotic parameter and task dependencies indicate a close relationship between OH and OHA tasks. To further investigate the relationship between these two
tasks, we performed an assessment of prediction performance of OH task parameters
using OHA task data, and vice versa, using the FOS modeling technique. Analysis
was performed using a 10-fold cross validation on actual vs. estimated robotic data
for all sets of robotic parameters for the two tasks and the corresponding R values
and their associated p values are reported in Table 5.7.
Inter-rater reliability scores for the OH task parameters are reported as they appear in [151]. As can be observed, R values for all predicted parameters are above
0.75 for the OH task, with the exception of one parameter (Hand selection overlap).
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Moreover, R values for all OHA parameters that are shared with the OH task are also
above 0.75 with the exception of the Hand Selection Overlap parameter (R value =
0.66 for OH vs. 0.55 for OHA). The three OHA-specific parameters associated with
the cognitive component of the OHA task (Distractor hits aﬀected arm, Distractor
hits unaﬀected arm and Distractor hits total) have low R values (0.371, 0.267, and
0.240, respectively). The p-values for all predictions (null hypothesis:no significant
correlation between actual and predicted scores) are significant at 0.01 significance
level.
To investigate the quality of the R values for prediction of OH parameters, a
comparison of the predicted R values for the OH task and their reported inter-rater
reliability scores [151] was done using Fisher’s r-to-z transformation at 1% significance
level, with the null hypothesis that there is no diﬀerence between R-values and interrater reliability scores. The diﬀerence between our predicted OH parameters using
the collective set of OHA parameters and the inter-rater scores (i.e. the value of the
parameter recorded under robotic settings by two diﬀerent raters) is not statistically
significant for 9 of the 12 parameters for which we had inter-rater scores available. For
the remaining 3 parameters for which the diﬀerence was significant at 1% significance
level (Total hits, Hand speed right, and Hand speed bias), all R values are above
0.9. In statistical literature, R values above 0.85 are regarded as acceptable as they
explain over 70% of variance in predictions.

5.4

Discussion

The purpose of the present research was to use ordering theoretic approaches for inference of a hierarchical structure between a set of five robotic tasks. The resulting
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Table 5.7: R values and their associated p-values for prediction of OH and OHA task
parameters and Inter-rater reliability scores for the OH task parameters

Task Parameters
Total hits
Hits with aﬀected arm
Hits with unaﬀected arm
Hand bias of hits
Miss bias
Hand transition
Hand selection overlap
Median error
Hand speed aﬀected arm
Hand speed unaﬀected arm
Hand speed bias
Movement area aﬀected arm
Movement area unaﬀected arm
Movement area bias
Distractor hits aﬀected arm
Distractor hits unaﬀected arm
Distractor hits total

OH task inter-rater
reliability
score
0.97
–
–
0.94
0.73
0.51
0.53
0.84
0.90
0.91
0.98
0.86
0.69
0.92
–
–
–

OH

OHA

R Value p-value

R Value p-value

0.89
0.90
0.88
0.91
0.76
0.79
0.66
0.89
0.87
0.75
0.93
0.82
0.76
0.92
–
–
–

0.88
0.90
0.88
0.90
0.78
0.77
0.55
0.74
0.87
0.76
0.92
0.83
0.75
0.90
0.37
0.27
0.24

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
–
–
–

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
0.00081
0.00276

structure can be used for task selection in such a way that it allows saving of vital assessment time for stroke survivors on the KINARM assessment protocol. The
findings of the present study represent the first step towards construction of such a
hierarchical task structure for KINARM.

5.4.1

Relationships Between Robotic Tasks

An important finding of our study is the inference of dependencies among the set of
five robotic tasks using ordering theory. As both of the analyses presented in Table
5.3 and Figure 5.2 indicate, OH and OHA are tasks for which the other three robotic
tasks are pre-requisites. This finding is further confirmed by the parameter ranking
analysis presented in Figure 5.3 and Table 5.4: the highest incoming node scores are
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associated with parameters from OH and OHA tasks, indicating that there are many
parameters from the other three robotic tasks that are pre-requisite to the OH and
OHA task parameters. On the contrary, the incoming node scores for the RU task
are zero, which suggests that no task parameters are pre-requisite to parameters for
the RU task. This is complemented by the fact that RU task parameters tend to
have a high outgoing node score, indicating the fact that RU task parameters are
pre-requisite to many other parameters of the other four robotic tasks. Also of note
is the zero outgoing node score for 4 OH and 9 OHA parameters, which suggests that
these parameters are not a pre-requisite to any other parameters of the other robotic
tasks.
These findings are in line with our general intuition regarding the brain circuits
involved for completion of the OH and OHA tasks. These two tasks require participation of a broad range of cortical circuits including motor, spatial and cognitive
processes [138]. The distributed circuit involved in these two tasks makes them a
“dirty” task, in the sense that impairments in the task may reflect deficits or injury across many brain regions. In order to complete these two tasks the participant
needs to have the motor skills to reach to the objects, and the ability to use visual and
proprioceptive feedback. Furthermore, the OHA task is cognitively more demanding
because it requires more attention to identify the appropriate targets and inhibition
to avoid hitting the distractors. It follows that failure in the OH and OHA tasks
might be the result of failure on one or a combination of sensorimotor, proprioceptive or cognitive skills. This is a reason to suggest that these two tasks are the top
candidates to be placed as a discriminatory task at the beginning of the assessment
procedure, and the rest of the assessment procedure should be decided based on the
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outcome of the assessment on these two tasks.
Results of our analysis on the comparison of actual and predicted robotic data for
stroke vs. control classification and estimation of clinical scores (Results, subsections
D and E) indicate that the predicted parameters provide accurate results for both
these objectives (no diﬀerence between actual and predicted data by FOS at 5%
significance level). This confirms that the robotic parameters predicted by FOS are
accurate predictions for practical purposes.
Our analysis of the estimation of task parameters using other tasks also reveals
high predictive power of OH and OHA tasks for estimation of visually guided reaching
and position matching task parameters and also the close link between OH and OHA
tasks. RA and Match task parameters are estimated with R values in the 0.45-0.55
range using both OH and OHA tasks (Figure 5.4, panel A). R values for prediction
of Matching task using OH and OHA task parameters are in the 0.4-0.6 range, with
median values of about 0.55 (Figure 5.4, panel C). In contrast, RA and Match tasks
generally predict the OH and OHA task parameters poorly (Figure 5.4, panel D and
Figure 5.4, panel E). The close relationship between OH and OHA tasks can also be
observed by the generally high R values for prediction of OH and OHA parameters
using OHA and OH tasks, respectively. These results confirm the findings of our task
pre-requisite analysis, where RA, RU and Match tasks appeared as pre-requisites for
both OH and OHA tasks, and the weak equivalence relationship between OH and
OHA tasks.
Another important finding of our analysis regarding the task dependencies is the
independence of Match from both RA and RU tasks. This confirms the results of
a recent study that suggests independence of deficits in position sense and visually
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guided reaching following stroke [42]. The fact that no pre-requisite or equivalence
relationship could be established between Match and any of the two reaching tasks
suggests that both RA and RU tasks should be performed independent of Match to
individually quantify sensorimotor and proprioceptive deficits for stroke survivors.

5.4.2

OH vs. OHA Predictions

Analysis of task dependencies revealed a close relationship between OH and OHA
tasks. Furthermore, an analysis of the estimation of parameters of each task using the
other task using the FOS modeling technique indicates that all OH task parameters
are predicted within the inter-rater reliability range or with R values above 0.85,
which also signifies the high predictive power of the OHA task for estimation of
OH task parameters. On the contrary, prediction performance for the OHA-specific
parameters (distractors associated with the cognitive component of the OHA task)
was generally poor. This means that if we perform the OHA task first, the value of
the measured parameters will enable us to predict the values of the OH task fairly
well. This suggests if minimizing time is important, the OH task may be discarded
as a substantive amount of information in that task is provided by the OHA task.
Even though the present analysis illustrates that the OHA task can estimate
a substantive amount of information provided by the OH task, we observed that 8
subjects with stroke passed the OHA task, but failed the OH task. These impairments
would be missed if only the OHA task was performed. It is important to recognize
that each subject with stroke possesses patterns of impairments. The discretization
criterion for the OHA task based on comparison with 95% of control subjects indicates
that subjects who fail 4 or more OHA task parameters (out of a total of 17) are
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assumed to have failed the OHA task. Subjects with stroke who fail 3-5 parameters
on the OHA task are considered to be “gray area” subjects. When developing a
hierarchical structure, in order to choose between the OH and OHA task it would
be useful to pay special attention to this group of subjects to develop a more refined
approach that allows us to identify non-impaired patterns of behavior in the OHA
task that may indicate a risk of impairment in the OH task.

5.4.3

Hierarchical Task Selection for KINARM

Based on the analysis presented in this study, we propose a hierarchical task selection
procedure on the group of five tasks introduced so far as indicated in Figure 5.5. As
noted before, RA, RU and Match tasks appear as pre-requisites for both OH and
OHA. This means that if a particular subject with stroke passes any of the latter
two tasks as the first discriminatory task in the hierarchy, we can be sure (with a
certain threshold confidence) that they will also pass the RA, RU and Match tasks.
Practically, this is important as it allows us to save vital robotic assessment time for
those subjects who satisfy this condition.
Since all OH task parameters were predicted with a high level of accuracy using
OHA task parameters, we choose the OHA task as the first discriminatory task in our
hierarchical structure. Performing the OHA task can lead us to a few diﬀerent conclusions about diﬀerent areas and levels of impairment for the subject with stroke under
robotic assessment. The first possible outcome might be the fact that this particular
subject with stroke passes the OHA task (i.e. fails less than three parameters out of
a total of 17). In such a case, the recommended decision for this particular subject is
to proceed to other tasks in the KINARM assessment procedure, since passing this

5.4. DISCUSSION

115

task means that the subject will pass all other tasks in the hierarchy.
One other possibility is that the subject under assessment fails the OHA task by
more than 5 parameters (out of a total of 14). In such a case, the conclusion is that
the subject will also fail the OH task. Thus, the recommended action is to directly
proceed to the assessment of motor and proprioceptive function. Because our analysis
shows that these two forms of impairment are independent, the subject in question
will then be sent for assessment of both motor and proprioceptive function using the
visually guided reaching (aﬀected arm) and the arm position matching task. Based
on the results of assessment on the visually guided reaching task, if it is determined
that the subject fails the task on the aﬀected arm, it would then be recommended
that they will perform further robotic tasks on the unaﬀected arm and then proceed
to perform other robotic tasks.
One other possible scenario after performing the OHA task is that the subject is
categorized as a “gray area” subject (failing 3-5 parameters out of 17 parameters).
In such a case, the recommendation is that the subject under study performs the OH
task next. This will help to identify if the subject is in fact impaired in terms of the
motor components of these tasks. If the subject passes the OH task, they can directly
proceed to other robotic tasks, skipping Match, RA, and RU. If, on the other hand,
the subject fails the OH task, the subject will then go through the same route as
an impaired subject directly assessed by the OHA task, i.e., performing the visually
guided reaching (aﬀected arm) and arm position matching tasks for assessment of
motor and proprioceptive functions, and performing the visually guided reaching task
on the unaﬀected arm if the subject fails the assessment on the aﬀected arm.
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Figure 5.5: Hierarchical structure for task selection on the KINARM assessment protocol
5.4.4

Potentials for Reduction of Assessment Time

The recommended hierarchical task selection procedure can potentially oﬀer time
saving eﬃciencies on the battery of five robotic tasks that were considered in this
study. We consider two possible scenarios below.
If a subject under assessment fails the OHA task and passes the RA task, they
will perform OHA, Match and RU tasks, which takes approximately 20 minutes to
complete compared to 30 minutes for the whole set of five tasks. This means that the
assessment time is reduced by 33% for this particular subject.
As a more interesting example, consider a subject who passes the OHA task. This
means that the subject can directly proceed to the rest of assessment procedure by
only performing one (short) task out of a total of five, spending only two and a half
minutes. This means that the assessment time is reduced by 91% for this particular
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subject.

5.4.5

Limitations and Future Directions

One of the limitations of the present study is the binary approach for parameter and
task discretization based on comparison with 95% of controls. In practice, subjects
with stroke exhibit diﬀerent levels of impairment, which may be reflected by the
magnitude of task parameters. Thus, a refined approach might take this fact into
account by using probabilistic or fuzzy modeling techniques for pass/failure on a
certain set of parameters or robotic tasks. A hierarchical structure resulting from such
an approach will recommend appropriate robotic tasks to be performed at each stage
in the assessment process based on the level of impairment on the tasks performed so
far.
It is important to realize that the hierarchical task selection strategy developed
in this chapter was based on data collected from subjects with stroke. This means
that the developed hierarchy would only be useful for time reduction when assessing
subjects with stroke. It would be interesting to investigate the task dependencies for
groups of subjects with other neurological impairments for future analysis.
The battery of tasks performed on KINARM consists of a much broader set of
tasks than the five tasks considered in our study. As more data becomes available,
we plan to extend our current analysis to this broader set of tasks using improved
modeling approaches, that may potentially oﬀer more timing eﬃciencies.
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Conclusions

This chapter presented a framework for reduction of assessment time on a set of
five tasks the KINARM assessment protocol. This was done by development of a
hierarchical structure for task selection, so that evaluation of a subject on an earlier
task in the hierarchy can be used as a guide to select later tasks. This approach can
potentially be used to save vital assessment time, thereby avoiding fatigue during the
assessment procedure for subjects with stroke as well as providing savings in terms
of human service costs.
While the savings can be observed for the battery of five tasks studied in this
chapter, this framework can be generalized to a larger set of tasks, providing further
eﬃciencies in terms of assessment time.
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Chapter 6
Time Reduction on KINARM Tasks

The previous chapter presented a framework for reduction of assessment time using a
hierarchical task selection scheme. In the present chapter, we examine the feasibility
of a diﬀerent strategy by reducing the assessment time of individual KINARM tasks,
in particular, the two tasks that take the longest time to complete. We explore the
possibility of shortening assessment time and related trade-oﬀs.

6.1

Motivation and Objective

In the previous chapter, we introduced the problem that assessment time continues
to increase as additional tasks are developed for the KINARM robot. The previous
chapter also presented a strategy for reduction of assessment time by considering the
dependencies between a set of five KINARM tasks.
In this chapter, we focus on a diﬀerent strategy to tackle the problem of long
assessment time. This strategy examines whether the length of each task can be
reduced while still retaining the information required to accurately quantify subject
performance. In particular, we focus on two tasks that currently take the longest
to perform: visually guided reaching and arm position matching. These tasks take
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approximately 15 and 10 minutes to complete, respectively. To achieve this objective,
a number of reduction strategies for the two tasks are proposed.
These strategies involve reductions in both the number of spatial targets and the
number of repetitions (trials) for the visually guided reaching task and reductions in
the number of targets for the arm position matching task. In particular, we investigate
how the value of, and the variation in, task parameters change as a result of reductions
in the number of trials and targets in the tasks using statistical criteria such as
the Standard Error of the Mean, Relative Standard Error and Repeatability. We
evaluate the results of our findings by using reduced data to address an important
diagnostic classification problem for both tasks, i.e., the separation of stroke and
control subjects. Using an SVM classifier, we show that the classification performance,
as measured by sensitivity, specificity and accuracy, undergoes small changes in the
presence of trial and target reductions. To further evaluate the feasibility of the
proposed reduction schemes, we calculate the correlation coeﬃcients between task
parameter values obtained under the original vs. the proposed reduced schemes, and
compare these correlation coeﬃcients with the inter-rater reliability scores for these
task parameters, which are previously reported in the literature. These results suggest
the feasibility of the reduction schemes for both tasks, thereby oﬀering significantly
shorter assessment time.

6.2
6.2.1

Methodology
Participants

For the visually guided reaching task, 157 subjects with stroke were recruited after
admission to St. Mary’s of the Lake Hospital (Kingston, ON, Canada) and Foothills
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Hospital (Calgary, AB, Canada) for robotic evaluation using the KINARM exoskeleton robotic device. For the analysis of the arm position matching task, a pool of 185
subjects with stroke were recruited after admission to the same sites. A group of
196 age-matched control subjects were also recruited for robotic evaluation. Subjects
underwent robotic evaluation completing the two tasks, as described in Chapter 3.
The studies were approved by the institutional ethics review boards and all subjects
for the study provided their informed consent to participate in the robotic assessment.

6.2.2

Evaluation

For the visually guided reaching task, we investigate the eﬀect of trial reduction on
the robotic parameters when dropping 0 trials (i.e., keeping the complete set of 8
trials) up to 7 trials, and keeping all 8 reaching directions. We also examined the
possibility of target reductions by considering reaching movements to four (straight
or diagonal) targets, a reduction by half compared to the original eight targets.
For the arm position matching task, a single reduction strategy was examined.
This involves reducing the number of spatial targets to four compared to the current
nine targets and calculation of task parameters based on these four targets.
For each strategy, the feasibility of reductions was evaluated using a number of
statistical measures of the robotic parameters. These statistical measures include the
Standard Error of the Mean (SEM), Relative Standard Error (RSE), and Repeatability [30].
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Standard error of the mean (SEM)
The SEM is the standard deviation of the error in the sample mean relative to the
true mean. SEM is usually estimated by the standard deviation of the sample divided
by the square root of the sample size (assuming statistical independence of the values
in the sample):
s
SEM = √
n

(6.1)

where s is the sample standard deviation and n is the size (number of observations)
of the sample.
For the purpose of our analyses, a sample consists of a specific number of trials
within each of the proposed reduction strategies for each subject. For each robotic
parameter within the two tasks, the value of SEM for the population of subjects is
averaged and reported as the SEM for that robotic parameter.

Relative standard error (RSE)
The value of SEM is calculated in the units of the observed values. For the case
of our evaluations, SEM will be in the units of each robotic parameter. Although
this is useful when assessing two diﬀerent values of SEM for the same parameter,
comparison between diﬀerent parameters is not directly possible using the SEM values
alone. To come up with a measure of SEM that is comparable across diﬀerent robotic
parameters, a relative notion of standard error known as the relative standard error
was calculated. The relative standard error (RSE) is simply the SEM divided by the
mean value of the measured parameter and is often expressed as a percentage (RSE
%). Similar to SEM, the reported value of RSE for each robotic parameter for both
tasks is the average RSE value over the pool of subjects.
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Repeatability
To assess the stability of a measured robotic parameter over two diﬀerent measurements (using the original task and a reduced scheme), a normalized measure of repeatability was calculated. The repeatability between two measurements of robotic
parameters (under original and reduced schemes) is determined by:

2
Repeatability = SA2 /(SA2 + SW
)

(6.2)

2
where SA2 is the variance among groups and SW
is the variance within groups.

Each group consists of parameter measurements performed by the same individual
under the original and reduced schemes. As such, the variance within groups represents the variation between the two measurements by the same subject, while the
variance among groups represents the variation of parameter measurements over the
population of subjects.
This measure of repeatability yields a value between 0 and 1 for each assessed
robotic parameter, with values closer to 1 indicating a higher level of repeatability
across the two measurements.
Normalized measures of repeatability have been used previously to assess the quality of diﬀerent parameter measurements in eye-hand coordinated movements across
a set of cognitive tasks [37].

6.2.3

Classification

We evaluated the clinical impact of a proposed reduction scheme by classifying stroke
vs. control subjects using the reduced data.
We used a support vector machine (SVM) for binary classification of stroke vs.
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control subjects. A kernel function transforms the training data into a higher dimensional space, and a hyperplane separates the data into two classes. We used a radial
basis function as the kernel for the SVM because of its easy initialization procedure
and good classification performance [29]. The parameter of the kernel function that
requires initialization is the “gamma” parameter. Intuitively, the “gamma” parameter defines how far the influence of a single training example reaches, with low values
meaning “far” and high values meaning “close”. As such, the “gamma” parameter can be viewed as the inverse of the radius of influence of data points selected
by the model as support vectors. The optimal value of “gamma” with the highest
classification performance was obtained using a coarse-to-fine heuristic search.
Classification performance was evaluated by a 10-fold cross validation. This involves using 90% of available subjects for training the classifier, and keeping the
remaining 10% for testing. Classification was assessed using sensitivity, specificity
and accuracy. The classification procedure was repeated 100 times with diﬀerent
training/testing data splits to produce a distribution for the three aforementioned
criteria.
In order to investigate the eﬀect of trial and reductions on classification accuracy,
out of all possible reduction schemes, for the visually guided reaching task we considered trial reductions of 6, 4, and 2 randomly selected trials (out of a total of 8
trials) and target reductions to 4 straight (0, 90, 180, and 270 degrees) and 4 diagonal (45, 135, 225, and 315 degrees) targets. We refer to these as 4TargetStraight
and 4TargetDiagonal, respectively. The classification performance of these reduction
strategies was compared to the original task consisting of 8 targets and 8trials using a
t-test. For the arm position matching task, classification performance of the 9Target
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vs. 4Target task was compared using a t-test.

6.2.4

Comparison with Inter-Rater Reliability

In order to evaluate the suitability of a reduction scheme, we performed a comparison
between inter-rater reliability scores and the correlation coeﬃcient obtained using
the original vs. reduced schemes. The Pearson product moment correlation, often
shortened to Pearson correlation, is a measure of the linear relationship between two
variables, as expressed by:
Cov(X, Y )
r(X, Y ) = √
Cov(X, X)Cov(Y, Y )

(6.3)

where X and Y are two random variables.
Pearson correlation values range between +1 and -1, where +1 indicates a prefect
increasing linear relationship and -1 indicates a perfect decreasing relationship. Values
close to 0 indicate a weak linear relationship between the two random variables.
For the purpose of analysis in this chapter, Pearson correlations were calculated
between the parameter values measured under the original and reduced schemes. We
compare these correlation values with the previously reported inter-rater reliability
scores for these parameters, which is the Pearson correlation values for the same task
parameter evaluated for the same group of subjects across two diﬀerent raters. The
value of inter-rater reliability scores can be viewed as a benchmark for the suitability
of the reduction schemes.
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Reduction Strategies

Visually Guided Reaching Task
To determine a suitable trade-oﬀ between the number of dropped trials and SEM for
the visually guided reaching task, we performed an analysis based on the increase in
the SEM as further trials are dropped. As such, the second diﬀerence of SEM values
with respect to the number of trials was calculated when dropping 0 to 7 trials. A
minimum of the second diﬀerence indicates minimal increase in the amount of SEM
if a further trial is dropped, after which point the diﬀerence in SEM starts to increase
as further trials are dropped. We used this minimum as a threshold to determine
a trade-oﬀ between the number of dropped trials and SEM (referred to as the trial
repeat threshold).
Figure 6.1 shows a schematic view of the second diﬀerence of SEM with respect
to the dropped trials, and the point where the threshold is determined.
For the analysis of the visually guided reaching task, we evaluated one parameter
within each of the five major attributes related to sensorimotor control, as described
in Chapter 3. These parameters include: Reaction Time, Posture Speed, First Movement Direction Error, Number of Movement Peaks, and Total Movement Time. Other
parameters for this task are strongly correlated to at least one of these five parameters
with correlation values above 0.75.

Arm Position Matching Task
The current arm position matching task on KINARM consists of mirror matching the
position of 9 spatial targets, each repeated 6 times for a total of 54 trials. These 9
targets are arranged in a 3-by-3 grid, as depicted in chapter 3. We refer to this task as
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Figure 6.1: Determination of threshold for number of trials using second diﬀerence of
SEM
the 9Target position matching task. In order to come up with a shorter assessment,
we propose a reduction strategy in which the number of targets is reduced to 4
spatial targets, keeping only those targets at the four corners of the 3-by-3 grid. The
reduced scheme is referred to as the 4Target position matching task in this chapter.
Measurements of arm position matching task parameters under the reduced 4Target
scheme are based on 6 repeated trials to each of the 4 spatial targets, totalling a sum
of 24 trials.
For the analysis of the arm position matching task, we evaluated one parameter
within each of the Variability and Contraction/Expansion categories related to proprioception, as described in Chapter 3. These parameters include: Variability-XY
and Contraction/Expansion-XY. The other two parameters within each category are
strongly correlated to these parameters, with correlation values exceeding 0.8.
Figure 6.2 shows one possible reduction for the visually guided reaching task
(4TargetDiagonal) compared to the original 8 target scheme (A), and 9Target vs.
4Target arm position matching task (B).
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Figure 6.2: Original and reduced visually guided reaching and arm position matching tasks. (A) Visually guided reaching task reduction. Left: task with
8 targets distributed around the central target, right: task with 4 diagonal targets around the central target. (B) Arm position matching task
reduction. Left: task with 9 spatial targets, right: task with 4 spatial
targets.
6.3
6.3.1

Results
Visually Guided Reaching Task

Trial and target reductions: Table 6.1 summarizes the analysis of SEM, RSE and
Repeatability for the Reaction Time parameter of the visually guided reaching task,
when the number of trials is reduced from 8 to 1 trails for reaching movements to the
8 targets, for both Stroke and Control data. It can be observed that RSE ranges from
3.7% to 12.3% for the Stroke group and from 3.0% to 9.6% for the Control group.
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Table 6.1: SEM, RSE and Repeatability analysis on reduced trials for the Reaction
Time parameter, visually guided reaching task.

Stroke

Control

Dropped
Trials
0
1
2
3
4
5
6
7
0
1
2
3
4
5
6
7

SEM

RSE (%)

Repeatability

0.0171
0.0186
0.0202
0.0225
0.0253
0.0290
0.0392
0.0564
0.0116
0.0122
0.0132
0.0143
0.0157
0.0182
0.0232
0.0368

3.7310
4.0616
4.4202
4.9220
5.5249
6.3369
8.5679
12.3278
3.0311
3.1984
3.4708
3.7490
4.1211
4.7673
6.0888
9.6500

1
0.986
0.975
0.964
0.979
0.967
0.983
0.953
1
0.980
0.974
0.965
0.978
0.964
0.974
0.961

Repeatability values for the Reaction Time parameter are all above 0.95 for both
Stroke and Control groups. This indicates that over 95% of the observed variation
is due to diﬀerences among subjects for both Stroke and Control groups, and the
variations between the two measurements by the same subject under the original and
reduced schemes accounts for less than 5% of the observed variations in data.
We performed a second diﬀerence analysis on the value of SEM to determine a
suitable trade-oﬀ between the number of dropped trials and SEM, as described in the
Methodology section. This determines the point where the change in SEM undergoes
a large increase when one more trial is dropped. Based on this analysis, the trade-oﬀ
was achieved at 2 dropped trials for the Stroke group and at 3 dropped trials for the
Control group for the Reaction Time parameter.
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A similar procedure was followed to determine a threshold for the remaining four
parameters, including Posture Speed, First Movement Direction Error, Number of
Movement Peaks, and Total Movement Time. A detailed analysis of the SEM and
RSE values for these four parameters for 1 to 7 trials is included in Appendix C.
Table 6.2 shows the determined threshold for the five parameters, the RSE for the
determined threshold, and the RSE if the entire set of 64 trials and targets had been
used (“True” RSE). The most frequent trial repeat threshold across all parameters
for both Stroke and Control groups was 4 repetitions. This happens when the number
of repeats is reduced by half, resulting in a reduction of assessment time by half on
the visually-guided reaching task. Another situation where this happens is when all 8
trials are kept, but the number of targets is reduced to 4 spatial directions (compared
to the original 8 directions).
We performed an analysis to compare SEM and RSE for the three trial and target reduction schemes described above. Target reductions were 4TargetStraight and
4TargetDiagonal, as described in the Methodology section. The case where we keep
all targets and reduce trials to 4 for each direction is referred to as 8Target4Trials
(similar naming terminology for other number of trials). Results of the analysis are
summarized in Table 6.3.
For each row in Table 6.3, we performed an ANOVA test to observe whether the
reductions are significantly diﬀerent when comparing SEMs across the three experiments (null hypothesis: mean of the three SEM distributions are equal) and reported
the p-values. Out of a total of 10 comparisons (5 Stroke and 5 Control group parameters), five p-values are significant at the 5% significance level.
Classification performance for reduction schemes:
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Table 6.2: Trial repeat threshold, RSE and error increase analysis for parameters on
visually guided reaching task, Stroke and Control groups.

Task parameter
Reaction Time
Posture Speed
First Movement
Direction Error
Total Movement Time
Number of
Movement Peaks

Trial Repeat
Threshold
Stroke
6
3

RSE (%)

“True”
RSE (%)

4.42
5.73

3.73
3.52

4

6.85

5.33

4

4.73

3.70

4

7.76

5.73

5
4
4
4

3.75
5.47
7.46
4.37

3.03
3.37
5.89
3.13

4

8.37

5.83

Control
Reaction Time
Posture Speed
First Movement Direction Error
Total Movement Time
Number of
Movement Peaks

In order to assess the feasibility of the proposed reduction schemes for the visually
guided reaching task, we performed a classification analysis for separation of Stroke
and Control subjects using the original dataset (8Target-8Trials) and compared the
classification performance with the separations under various reduction schemes.
Table 6.4 reports the sensitivity, specificity, and accuracy analysis for original and
reduced trials/targets on the visually guided reaching task, as well as the p-values for
a paired-sample t-test for comparison of the accuracy distributions of each reduction
scheme compared to the original 8Target-8Trials scheme.
The average accuracy values for all schemes range between 83.4-87.11%, with the
highest accuracy for the 4Target-Straight scheme. The diﬀerence of average accuracies
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Table 6.3: SEM Comparison for three target and trial reduction schemes: 4TargetStraight, 4TargetDiagonal, 8Target4Trials. p-values <0.05 are in bold.
Task parameter

4TargetStraight 4TargetDiagonal 8Target4Trials p-value
Stroke
0.029 (5.2%)
0.029 (5.2%)
0.031 (5.5%)
<0.0001
0.002 (5%)
0.002 (5%)
0.002 (5%)
0.28

Reaction Time
Posture Speed
First Movement
0.004 (7.8%)
Direction Error
Total Movement Time 0.078 (4.7%)
Number of
0.262 (8.5%)
Movement Peaks

0.004 (7.4%)

0.004 (7.5%)

0.15

0.083 (5%)

0.078 (4.7%)

0.001

0.225 (7.3%)

0.240 (7.8%)

<0.0001

Control
0.017 (4.4%)
0.017 (4.4%)
0.001 (4.9%)
0.001 (4.7%)

0.016 (4.1%)
0.002 (4.9%)

0.1
0.33

0.003 (7.8%)

0.004 (7.5%)

<0.0001

0.055 (4.4%)

0.055 (4.4%)

0.75

0.166 (7.5%)

0.186 (8.4%)

0.004

Reaction Time
Posture Speed
First Movement
0.004 (8.6%)
Direction Error
Total Movement Time 0.053 (4.2%)
Number of
0.175 (7.9%)
Movement Peaks

Table 6.4: Sensitivity, specificity, and accuracy analysis for reduced trials/targets on
the visually guided reaching task.
Dataset

Sensitivity

Specificity

Accuracy

8Target-8Trials
8Target-6Trials
8Target-4Trials
4Target-Diagonal
4Target-Straight
8Target-2Trials

84.05±1.1
83.91±1.3
85.32±1.0
81.84±1.8
86.34±1.5
85.51±1.7

90.82±0.7
89.71±0.8
89.94±1.4
86.68±1.3
90.36±0.9
88.26±1.0

86.34±0.9
85.91±1.0
86.87±0.8
83.46±1.1
87.11±1.2
86.12±1.3

t-test p-values
(vs. 8Target-8Trials)
–
<0.0001
0.0088
<0.0001
<0.0001
0.1118

between the largest and smallest set of trials (8Target-8Trials vs. 8Target-2Trials) is
0.22%, which is within the bounds of standard deviation of the accuracy value for the
8Target-8Trials dataset.
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Table 6.5: Analysis of SEM, RSE and Repeatability for 4Target vs. 9Target arm
position matching task

Variability XY
Contraction/Expansion XY

6.3.2

SEM
4Target 9Target
0.001049 0.000695
0.118365 0.083694

RSE(%)
4Target 9Target
15.80
10.10
16.82
11.83

Repeatability
0.981
0.969

Arm Position Matching Task

Table 6.5 summarizes the results of analysis of SEM, RSE and Repeatability values
for 4Target vs. 9Target arm position matching task parameters. Relative standard
error ranges from 10.10% to 11.83% for the 9Target task parameters and from 15.80%
to 16.82% for the 4Target task data. This indicates an increase of 5.0% to 5.7% under
the reduced 4Target scheme compared to the original 9Target scheme. Some of the
increase in the value of RSE is attributed to the significant drop in the number of
observations from 9Targets to 4Targets, highly aﬀecting the calculated value of SEM.
Normalized repeatability values are above 0.95 across all parameters for the arm
position matching task, with an average repeatability value of 0.975. This means that
over 95% of the observed variation in the measurements is due to diﬀerences among
diﬀerent subjects, and individuals are highly consistent across the two (i.e. 9Target
and 4Target) measurements (within subjects). These results signify that the values
of the measured parameters are highly repeatable under the reduced 4Target scheme.

In order to assess how the value of measured parameters aﬀect the quality of
clinical decisions, we performed a classification of stroke vs. control subjects using
4Target vs. 9Target arm position matching task parameters and compared the classification performance under the two schemes. Results of the analysis are presented
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Table 6.6: Sensitivity, specificity and accuracy of stroke vs. control classification for
4Target vs. 9Target arm position matching task.
Dataset
4Target
9Target
p-value for t-test
(4Target vs. 9Target)

Sensitivity(%)
75.4±0.9
75.9±1.1

Specificity(%)
72.6±1.2
72.8±1.4

Accuracy(%)
73.1±1.1
73.4±1.2
0.8376

in Table 6.6. As can be observed, the diﬀerence between the two schemes amount to
<0.5% of classification accuracy, as well as sensitivity and specificity. Reported values for classification performance for the reduced 4Target arm position matching task
are within the standard deviation of the classification performance using the 9Target
task. A paired sample t-test for the accuracy distributions of 4Target and 9Target
task reveals no diﬀerence between the two accuracy distributions at 5% significance
level.

6.3.3

Comparison with Inter-Rater Reliability Scores.

In order to quantify the feasibility of the proposed reduction schemes for visually
guided reaching and arm position matching tasks, we calculated a correlation coeﬃcient between the task parameters using the original scheme (i.e. 8Target-8Trials for
the visually guided reaching task and 9Target for arm position matching task) and
one of the proposed reduced schemes (8Target4Trials for the visually guided reaching
task and 4Target for arm position matching task). Results of the analysis are summarized in Table 6.7. Correlation coeﬃcients for the reduction schemes are all above
0.9, showing excellent coherence across all parameters for both tasks. The obtained
correlation coeﬃcients were compared with previously reported inter-rater reliability scores (see [31] and [43]) for the set of five visually guided reaching and three
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Table 6.7: Comparison of task reductions with inter-rater reliability scores

Original vs. Reduced
scheme
correlation coeﬃcient

Inter-rater
reliability
score

p-value

Task

Parameter

Visually
guided
reaching

Reaction Time

0.95

0.80

0.0188

Posture Speed
First Movement
Direction Error
Total Movement
Time
Number of
Movement Peaks

0.92

0.77

0.0688

0.93

0.77

0.0414

0.95

0.91

0.332

0.92

0.85

0.285

Variability XY

0.98

0.81

<0.0001

Shift XY
Contraction/
Expansion XY

0.97

0.70

<0.0001

0.97

0.86

<0.0001

Arm
position
matching

arm position matching task parameters. The fourth column in Table 6.7 provides
the previously reported inter-rater reliability scores. It is important to note that the
inter-rater reliability scores reported by [31] and [43] were based on a smaller set of
subjects for both tasks (14 subjects in [31] and 22 subjects in [43]). However, since
inter-rater reliability scores are obtained by assessing the same subject at approximately the same time point by two diﬀerent examiners, it does provide a guide as to
what should be an acceptable range of values for each measured task parameter.
Results of the analysis indicate that the values of the parameters under the two
reduction schemes are similar or better than the reported inter-rater reliability scores.
Correlation coeﬃcients (third and fourth column in Table 6.7) were compared using
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Fisher’s r-to-z transformation (p-values reported in the last column of Table 6.7) and
results indicate that there is no statistical diﬀerence between reduction schemes and
inter-rater reliability scores for the set of five visually guided reaching parameters
at 1% significance level. Parameters of the arm position matching task were better
correlated under the reduced schemes compared to the inter-rater reliability scores
(all p-values <0.0001).

6.4

Discussion

6.4.1

Visually Guided Reaching Task

Our results lead us to a few important observations regarding the target and trial
reductions for the visually guided reaching task. First, SEM analysis for the Reaction
Time parameter and the remaining four parameters reveal an increasing pattern as
more trials are dropped. This is expected since SEM is inversely proportional to
the square root of the total number of trials, and is expected to increase with fewer
numbers of trials. Next, our analysis of repeatability values for the diﬀerent reduction
schemes for the parameters associated with the visually guided reaching task indicates
strong repeatability across task parameters, with values exceeding 0.95. These results
imply that over 95% of the observed variation is due to diﬀerences among subjects for
both Stroke and Control groups, and the measurements for each individual are highly
consistent under the reduced measurement compared to the measurements under the
original scheme.
Third, a comparison of each of the three reduction schemes that reduce the assessment time by half signifies no superior scheme over the other two. Over a total of 10
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comparisons (last column of Table 6.3), 5 comparisons were not statistically significant (p-value >0.01). Out of the remaining five comparisons, there is not a scheme
which is consistently associated with lower SEM values. Essentially, the selection between these three reduction schemes is a compromise between reducing the number
of targets while keeping all trials and reducing the number of trials while keeping all
spatial targets.
The next observation is regarding the classification performance under trial and
target reductions (Table 6.6). Separation of Stroke and Control groups is an important
question that has been addressed using the KINARM robot as a diagnostic tool [31].
Although our results show that the diﬀerences between most reduction schemes and
the original 8Target-8Trial scheme were statistically significant, the diﬀerence for
most reduction schemes remains below 1%. For instance, the diﬀerence between the
average classification accuracy for the original scheme vs. reductions to 16 trials
(8Target-2Trial) is <0.3%. Thus, from a clinical stand point the diﬀerence between
the reduction schemes is small. Ultimately, this comes down to a trade-oﬀ between
the length of assessment and classification accuracy (in the range of 3%) when using
the KINARM robot as a diagnostic tool for separation of stroke and control subjects.
Our final observation concerns the comparison of the correlation values of reduced
vs. original schemes with the inter-rater reliability scores. Our results show that the
correlation values for all five robotic parameters associated with the visually guided
reaching task are comparable to inter-rater reliability score for a reduced scheme that
cuts the assessment time by half. This suggests that if we choose the inter-rater
reliability score as an acceptable benchmark for reductions, a strategy that reduces
the assessment time by half will be a suitable replacement.
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Arm Position Matching Task

Results of the analysis for the reduction of arm position matching task lead to a few
important observations. The first point to note is regarding the SEM and RSE for the
4Target and 9Target tasks. The value of RSE increased by approximately 5% under
the reduced 4Target scheme, but reduced the total number of observations by more
than half. Since the calculated value of SEM is directly proportional to the inverse
of the root of the number of trials, SEM (and, in turn, RSE) is expected to increase
even with constant observed variability across all trials.
Our analysis of repeatability of 9Target task vs. 4Target reduction for the parameters associated with arm position matching task indicates strong repeatability
across task parameters. These results signify the feasibility of the 4Target reduction
scheme as a suitable alternative to the current 9Target regime.
Our next observation is regarding the classification performance for separation
of Stroke vs. Control groups using 4Target and 9Target datasets. Findings of our
analysis indicate that the classification performance for the 4Target reduced scheme
is almost identical to the 9Target strategy. This is confirmed by the observation that
classification accuracy for the 4Target scheme is within the standard deviation of
the accuracy distribution using the 9Target scheme. Furthermore, statistical analysis
using a paired sample t-test revealed no diﬀerence between the two accuracy distributions (p = 0.8376). This complements the point we made previously regarding
the suitability of the 4Target reduction as an alternative to the current 9Target arm
position matching task assessment.
The final important observation is regarding the comparison of the 4Target vs.
9Target correlation values and the value of previously reported inter-rater reliability
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scores for the set of three arm position matching task parameters. Inter-rater reliability scores are correlation values between two diﬀerent measurements of the same task
parameter for the same subject by two diﬀerent raters at approximately the same
time point. This value is generally regarded as an acceptable range when assessing
repeated measurements, with values above 0.8 indicating excellent reliability. Our
reported values for 4Target vs. 9Target correlations were based on a much broader
range of subjects, some of which were not previously used for calculation of inter-rater
reliability scores [43]. However, our very high reported correlations, with all values
above 0.95, indicate a very high level of consistency across all parameters for the
reduced 4Target scheme, well above the acceptance levels as suggested by inter-rater
reliability scores. These results collectively confirm the 4Target reduced scheme as
the appropriate alternative scheme for the current 9Target assessment, thus reducing
the overall assessment time by more than 50% for the arm position matching task.

6.5

Conclusions

In the study presented in this chapter, we investigated the eﬀect of trial and target
reduction for two tasks on the KINARM, which are currently the longest tasks on
KINARM. This is the primary step for a wider scheme aimed at reduction of vital
assessment time for stroke survivors. Results of our analysis for the visually guided
reaching task show that a reduction scheme that reduces the assessment time by half
is a safe and suitable replacement for the current scheme, when investigating five
measured robot parameters. Results also confirm that following reduction to a much
smaller set of trials, the measured parameters obtained by the reduced scheme can
still be used for separation of stroke versus control subjects. As a result, the proposed
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scheme is feasible if the aim is to use the current visually guided reaching task as a
simple diagnostic tool.
Our analysis for the reduction of the arm position matching task shows that the reduced 4Target scheme results in parameter values with a high degree of repeatability,
and correlation values exceeding 0.95, well above the previously reported inter-rater
reliability scores for three main task parameters. The 4Target reduced scheme was
also found to produce highly consistent classification performance results for separation of stroke vs. control subjects compared to the original 9Target assessment
regime. These results can be used to suggest the 4Target reduction strategy as a suitable alternative to the current 9Target scheme, which reduces the overall assessment
time by over 5 minutes on the current KINARM assessment protocol.
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Chapter 7
Conclusions and Future Work

This thesis presented a framework to improve robot-based diagnosis and prognosis of
stroke. The were two main objectives for this thesis. First, to use the data provided
by the robot as a tool to establish models and identify biomarkers for prediction of
diagnostic and prognostic measures of daily activities. Second, to address the problem
of long assessment time on the current KINARM assessment protocol. In order to
achieve this second objective, this thesis proposed various strategies and showed how
these strategies can be eﬀectively utilized to meet this objective. We will summaries
the findings of this thesis below.

7.1
7.1.1

Summary
Establishing Models and Biomarkers for FIM Predictions

One of the objectives of this thesis was to use the data provided by robotic tasks to
establish models for predictions of functional clinical outcomes. These models can
be used to identify objectively measured biomarkers for prediction of diagnostic and
prognostic clinical measures of daily activities. Our analysis showed that the models
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based on robotic data can be used to provide accurate models for prediction of many
clinical scores including the Chedoke-MacMaster score, Purdue pegboard score and
functional independence measures at both present and future time points. Models
obtained have comparable performance to the current clinical gold standards for prediction of FIM, thus establishing robotic tools as a proof of principle for prediction of
current clinical measures. As more tasks are incorporated to assess a broader range
of neurological dysfunction, we expect the robotic tools to provide further eﬃciencies
in the future.

7.1.2

Hierarchical Task Selection for KINARM Tasks

This thesis introduced the potential problem of increasingly long assessment time for
the current KINARM assessment procedure, with the addition of a larger battery of
tasks. To address this problem, a hierarchical task selection strategy was proposed.
This strategy introduced a task selection scheme, whereby choosing to perform an
earlier task in the hierarchy can be used as a guide for the rest of the assessment
procedure. This approach was suggested for implementation on a battery of five
robotic tasks and was shown to have the potential of oﬀering time reductions in the
approximate range of 30-90% of overall assessment time compared to the current
KINARM protocol. These promising results suggest that the same framework can
be applied to a broader set of robotic tasks as more data becomes available for other
KINARM tasks.
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Task Reductions on Two KINARM Tasks

This thesis proposed a second strategy for reduction of assessment time on KINARM
by proposing reduction of assessment time on individual KINARM tasks. The focus
of analysis for this objective was two tasks that are currently the longest tasks on the
KINARM assessment protocol, namely the visually guided reaching task and the arm
position matching task. Since these two tasks are both based on discrete trial-based
movements to a set of spatial targets, the proposed reductions in assessment time
were introduced by reducing the number of trials and targets.
Experiments were designed to investigate how the value of task parameters changes
under diﬀerent reduction schemes compared to the original scheme. Results of our
analysis suggest that a reduction scheme that reduces the assessment time by half is
a suitable, eﬃcient replacement for the visually guided reaching task. For the arm
position matching task, a reduction of the current 9-target task to a 4-target task is
shown to produce very similar performance. Comparisons with previously reported
inter-rater reliability scores confirm the suitability of the proposed reductions. It
was further shown that these reduction schemes produce task parameters with very
similar performance for separation of stroke and control subjects.

7.2

Future Work

There are several avenues to further build upon the research presented in this thesis,
and to open new directions for further development.
The robotic tasks used for prediction of abilities to perform daily activities were
limited to three tasks, and the hierarchical task selection technique was constructed
using four robotic tasks. It would be worthwhile to investigate how the addition
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of extra tasks will impact the quality of predictions. For instance, none of the tasks
that were used to build models for prediction of functional outcomes primarily focused
on assessment of cognition or bimanual coordination. Given the fact that items for
assessment of FIM include activities related to cognition and bimanual coordination,
it is expected that addition of other robotic tasks would provide extra benefits. Also,
as more data becomes available for other robotic tasks, it would be of interest to see
how task dependencies change in light of the addition of extra robotic tasks and, as
a consequence, how the hierarchical task selection would be modified or changed.
Our strategy for hierarchical task selection was based on a crisp pass or fail criterion by comparison to healthy control subjects at both parameter and task levels. A
possible extension to our proposed task selection scheme may consider application of
fuzzy or probabilistic techniques to come up with an alternative task selection strategy. Such an approach will select later tasks in the hierarchy based on how good/bad
the performance of a subject is on the earlier tasks in the hierarchy and may oﬀer
diﬀerent task selections in diﬀerent scenarios.
One other possible strategy to reduce assessment time would be early task stopping. Such a strategy would consider the performance of an individual on a particular
task, and may advise the examiner to stop the task before the current full number
of trials on the task are attempted or before the current time on the task expires.
This may be because the subject under examination is showing a predictable pattern
of behavior in the early trails in the task, thereby allowing the task to be stopped
sooner compared to its current KINARM instructions. This could be applied to an
individual task on its own or a combination of robotic tasks. Future research may
focus on the feasibility of this approach for reduction of assessment time.
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Another emerging problem with the addition of extra robotic tasks for KINARM
assessment is the vast array of robotic parameters presented to the clinician after
robotic evaluation. Ultimately, the goal of robotic assessment is to provide the clinicians with an objective assessment of diﬀerent areas of brain dysfunction. As such,
a unified global metric representing each robotic task would be of interest to a clinician. Future research may focus on modeling and visualization techniques providing
eﬃcient, objective scores associated with diﬀerent robotic tasks.
Finally, the techniques considered in this thesis were all used to develop models for improved assessment of subjects with stroke. As such, these models do not
generalize to subjects with other neurological impairments. KINARM can also be
used for assessment of a broad range of brain injuries and diseases. Future work can
focus on how the proposed modeling techniques in this thesis can be used to improve
assessment for other forms of neurological impairments.
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Appendix A
18 FIM Items

A.1

Motor and Cognitive Items of the Functional Independence Measure

Table A.1: 18 FIM tasks including 13 motor and 5 cognitive items.
MOTOR ITEMS
COGNITIVE ITEMS
Self Care Items
Communication Items
1. Feeding
14. Comprehension - Audio/Visual
2. Grooming
15. Expression - Verbal, Non-Verbal
3. Bathing
4. Dressing Upper Body
Psychosocial Adjustment
5. Dressing Lower Body
16. Social Interactions
6. Toileting Cognitive Sphincter Control
7. Bladder Management
Cognitive
8. Bowel Management Mobility
17. Problem Solving
9. Bed, Chair, Wheelchair
18. Memory
10. Toilet
11. Tub or Shower Locomotion
12. Walking/Wheelchair
13. Stairs
Motor Score /91
Cognitive Score /35
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Appendix B
Chedoke MacMaster Assessment Items
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Table B.1: Arm Impairment Inventory of Chedoke McMaster Score
Begin assessment at Stage 3. Starting position: sitting with forearm in lap in a
neutral position, wrist at 0 degrees and fingers slightly flexed. Subject passes a
stage if they successfully complete 2 out of the three items within each stage.
Stage
Description
1
not able to complete Stage 2
(i) resistance to passive shoulder abduction or elbow extension
(ii) facilitated elbow extension
2
(iii) facilitated elbow flexion
(i) touch opposite knee
3
(ii) touch chin shoulder shrugging >1/2 range
(i) extension synergy, then flexion synergy
(ii) shoulder flexion to 90 degrees
4
(iii) elbow at side, 90 degress flexion: supination, then pronation
(i) flexion synergy, then extension synergy
(ii) shoulder abduction to 90 degrees with pronation
5
(iii) shoulder flexion to 90 degrees : pronation then supination
(i) hand from knee to forehead 5 times in 5 seconds
(ii) shoulder flexion to 90 degrees : trace a figure 8
6
(iii) arm resting at side of body: raise arm overhead with full
supination
(i) clap hands overhead, then behind back 3 times in 5 seconds
(ii) shoulder flexion to 90 degrees: scissor in front 3 times in 5
seconds
7
(iii) elbow at side, 90 degrees flexion: resisted shoulder external
rotation
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Appendix C
SEM Analysis: Visually Guided Reaching Task

0
1
2
3
4
5
6
7

Dropped Trials

0
1
2
3
4
5
6
7

Dropped
Trials
RSE
3.52
3.62
4.00
4.42
4.86
5.74
7.23
9.70

SEM
0.001049
0.00109
0.0012
0.001339
0.001498
0.00176
0.002327
0.00349

RSE
2.12
2.20
2.43
2.71
3.03
3.56
4.71
7.06

Posture Speed

SEM
0.001394
0.001434
0.001585
0.001754
0.001929
0.002275
0.002867
0.003848

Posture Speed

Stroke
First Movement
Direction Error
SEM
RSE
0.002808 5.33
0.003
5.70
0.003269 6.21
0.003608 6.85
0.003976 7.55
0.00471
8.95
0.005903 11.21
0.008157 15.50
Control
First Movement
Direction Error
SEM
RSE
0.002649 5.89
0.002805 6.23
0.003069 6.82
0.003359 7.46
0.003652 8.11
0.004216 9.37
0.00523
11.62
0.007114 15.81

Number of
Movement Peaks
SEM
RSE
0.056901 1.81
0.058376 1.86
0.06066
1.93
0.063762 2.03
0.067263 2.14
0.075151 2.39
0.096656 3.08
0.134413 4.28
Number of
Movement Peaks
SEM
RSE
0.036954 1.18
0.039791 1.27
0.043089 1.37
0.047293 1.51
0.051545 1.64
0.05994
1.91
0.074505 2.37
0.100231 3.19

Total
Movement Time
SEM
RSE
0.056901 3.70
0.058976 3.84
0.063066 4.11
0.067684 4.41
0.072663 4.73
0.086151 5.61
0.109107 7.10
0.144413 9.40
Total
Movement Time
SEM
RSE
0.036954 3.13
0.039791 3.37
0.043089 3.65
0.047293 4.01
0.051545 4.37
0.05994
5.08
0.074505 6.32
0.100231 8.50

Table C.1: SEM and RSE for 1 to 7 trials for four parameters of the visually guided reaching task
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Glossary and Abbreviations
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Glossary and Abbreviations

ADL Activities of Daily Living.
ANOVA Analysis of Variance.
ARM Assisted Rehabilitation and Measurement.
Biomarker a measurable robotic parameter associated with a behavioural robotic
task.
BIT Behavioral Inattention Test.
CANTAB Cambridge Neurophysiological Test Automated Battery.
Ceiling eﬀect problem of attaining minimum score on a clinical test with some
ability to attain some of the function.
Cognition function of the brain involving awareness, attention, memory, reasoning
and judgement.
Disability inability of an individual to perform their daily activities following stroke.
DTW Dynamic Time Warping.
FIM Functional Independence Measure.

Glossary and Abbreviations
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Floor eﬀect problem of attaining maximum score on a clinical test without the
ability for perfect function.
FMA Fugl-Meyer Assessment.
FOS Fast Orthogonal Search.
Hemorrhagic a type of stroke caused by the rupture of blood vessels in the brain
tissues.
Impairment change in a particular function of the brain following stroke.
Inter-rater reliability reliability measure of a clinical test repeated as assessed by
two diﬀerent examiners.
Ischemic a type of stroke caused by the restriction of blood supply to brain tissues.
KINARM Kinesiological Instrument for Normal Altered Reaching Movement.
KNN K-Nearest Neighbors.
LH Left Hand.
MAS Modified Ashworth Score.
Matching task a behavioural task on KINARM robot designed for assessment of
sensory brain function.
MIME Mirror Image Movement Enabler.
MIT Massachusetts Institute of Technology.

Glossary and Abbreviations
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MRI Magnetic Resonance Imaging.
MSE Mean Squared Error.
Object Hit a behavioural task on KINARM robot designed for assessment of bimanual control.
Object Hit and Avoid a behavioural task on KINARM robot designed for assessment of bimanual control and cognition.
OH Object Hit.
OHA Object Hit and Avoid.
Penumbra an area of the brain which is mildly aﬀected after an ischemic stroke.
Proprioception function of the brain involving sense of position and motion.
RA Reaching Aﬀected.
Reaching task a behavioural task on KINARM robot designed for assessment of
motor brain function.
RH Right Hand.
RSE Relative Standard Error.
RU Reaching Unaﬀected.
SCI Spinal Cord Injury.
SEM Standard Error of the Mean.

Glossary and Abbreviations
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Sensorimotor function of the brain involving both sensory and motor functions.
Spasticity an abnormal increase in muscle tone or stiﬀness of muscle.
Spatial neglect a syndrome present in some subjects with stroke in which the subject fails to be aware of objects or people in some area of visually observable
space.
SVM Support Vector Machine.

