
i 
 

Confidence intervals and measures of significant 

change for KINARM Standard Tests 

 

By 

Spencer Early  

 

A thesis submitted to the Centre for Neuroscience Studies 

In conformity with the requirements for  

The degree of Master of Science 

 

 

Queen’s University 

Kingston, Ontario, Canada  

(January, 2019) 

 

Copyright ©Spencer Early, 2019 



ii 
 

Abstract 

Neurological assessment plays a pivotal role in the overall diagnostic and prognostic 

process of patient care. The effectiveness of the various examinations and methods of 

neurological assessment are based on the accuracy and precision of the measure. In other words, 

a good assessment tool should properly reflect the participant’s abilities in any tested domain, 

while also providing the same score of those abilities over repeat assessments. Traditional 

neurological assessment tools are faced with many challenges when attempting to meet this 

criteria. This is primarily the result of many tools relying on the subjective decisions and rely on 

coarse rating scales in order for clinician’s in order that clinicians can maintain similar scores. A 

potential alternative is robotic technologies for neurological assessment. Overall, these robotic 

tools can provide a more objective and reproducible measure of participant performance, when 

compared to traditional tools.   

 The purpose of this thesis was to assess participants on the KINARM standard tests with 

the goal of quantifying performance variability across repeat evaluations. Utilizing the KINARM 

exoskeleton robot, control participants were assessed twice with the maximum time between 

evaluations set at 1 week. The tasks are divided into 4 categories, motor tasks, motor-cognitive 

tasks, cognitive tasks, and one sensory task. 

 The results of this thesis revealed confidence intervals smaller than the population 

interval in 99% of task parameters. Significant learning effects were more prevalent in cognitive 

and motor-cognitive tasks when compared to sensory and motor tasks. Confidence intervals for 

TaskScores, the global performance measure, ranged from 0.74 to 1.68 for all KINARM 

standard tests. Moreover, significant change cut-off values ranged from 1.03 to 2.36 with 55% of 

tasks shown to have significant learning effects over repeat assessment.   
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 These metrics will improve the interpretation of participant performance with respect to 

individual parameter scores. They also provide a solid framework for many future KINARM 

studies, most notably the emerging problem of reducing overall assessment time.  
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Section 1 Introduction 

1.1 Motivation  
 

Clinical assessment provides a foundation for the healthcare system providing important 

information to diagnose, prognose and guide many aspects of patient care. Many advances have 

been made to improve clinical assessment from improved imaging techniques for quantifying 

organ structure to blood biomarkers to identify various indicators of organ function. However, 

neurological assessment of brain function remains largely subjective based on physical/visual 

inspection by the clinician, resulting in the use of coarse rating scales that often have floor and 

ceiling effects (MacAvoy and Green, 2007). This hinders the development of novel treatment 

and therapies due to the difficulty to demonstrate a change in performance. 

One emerging alternative is the use of robotic technology to assess brain function due to its 

ability to record objective and reliable data for assessment and analysis purposes (Scott and 

Dukelow, 2011). We have developed a suite of behavioural tasks on the KINARM robotic 

platform to quantify sensory, motor and cognitive impairments associated with stroke (Coderre 

et al., 2010) and other neurological disorders (Hawkins et al., 2014). For each task, a large 

number of parameters are used to quantify the spatial and temporal features of the participant’s 

behaviour. These measures are normalized to performance from a large cohort of healthy 

controls allowing factors such as age, sex and handedness to be considered when quantifying 

performance.  

The robot-based measures of performance provide clinical measures with far greater 

resolution than is possible with traditional clinical tools.  However, this granularity generates 

several new issues with regards to the actual precision of the assessment.  For example, if a 
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participant’s reaction time received a normalized score of 2.35 on the first examination and then 

received a score of 2.10 on the second examination six months later, can we say that the 

participant has improved? Answering this question requires knowledge about how performance 

is influenced by factors such as the variability of participant performance and how differences in 

the setup of the participant in the equipment from one session to the next influences 

performance. This thesis addresses this important issue on the precision of robot-based 

assessment.  

1.2 Traditional Neurological Assessment 

  
The term “disability” is defined by the World Health Organization as the combined 

assessment of impairments, activity limitations, and participation restrictions (World Health 

Organization, 2002). Participation relates to problems facing an individual that limits their 

involvement in day-to-day situations (i.e. playing soccer or making breakfast), whereas activity 

limitations are defined as a difficulty encountered by an individual within the process of making 

an action or completing a task (i.e. kicking a ball or reaching for a cup). Our focus here is on 

assessment of impairments which encompasses any issue regarding the proper function of the 

body. This includes the inability to move a limb or loss of somatosensation due to a stroke that 

impacts sensory or motor processing.  

There have been many different clinical tools developed to quantify neurological 

impairments. For example, the Chedoke-McMaster Stroke Assessment scale is a tool developed 

to quantify impairments in participants post-stroke (Gowland et al., 1993). The scale is 

comprised of two main components, the activity inventory and the impairment inventory. The 

impairment inventory examines the presence and severity of physical impairments within 6 
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categorical dimensions including postural control, the shoulder, arm, hand, leg, and foot. Each is 

assessed utilizing a 7-point grading scale. The assessment is conducted in a set of predetermined 

stages in which the participant must complete 3 activities, the participant’s score is determined 

by the highest stage in which 2 of the 3 activities are successfully executed by the participant 

(Gowland et al., 1993). The scale was initially developed to assess stroke participants to guide 

and assess the rehabilitation process. Overall, the Chedoke-McMaster Stroke Assessment scale is 

a widely used and well accepted neurological assessment tool used in Canada. A related scoring 

system called the Fugl-Meyer is commonly used in the U.S (Duncan et al., 1983, Hsueh et al., 

2008). Similar to the Chedoke-McMaster, the Fugl-Meyer Assessment utilizes a 3-point ordinal 

scale to quantify motor performance of a participant post-stroke (2: Performs task fully; 1: 

Performs task partially; 0: Unable to perform task). The test has been shown to be reliable and 

considered a clinical standard for assessment of impairments (Gladstone et al., 2002).  

The National Institutes of Health Stoke Scale (NIHSS) is a widely used tool for quantifying 

impairments due to stroke (National Institutes of Health, 2003). Quantifying impairments, as 

well as rehabilitation procedures, can involve multiple physicians for a single subject, therefore a 

common language between mediums can prove vital for maximum efficiency. This sentiment 

leads to the purpose of the NIHSS which is broken down into 3 main categories: 1) evaluate the 

severity of the stroke, 2) help determine the appropriate treatment procedures, and 3) predict 

patient outcomes (National Institutes of Health, 2003). The scale is comprised of 11 assessment 

categories that evaluate various performance abilities (e.g. Level of consciousness, Limb ataxia, 

Dysarthria, etc.). Each category is scored with a number between 0 and 4 (4: Represents 

completely impaired; 0: Represents no impairment; varying middle scores based on the category 

assessed). The final score for the scale is the summation of each category assessment result, with 
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a maximum potential score of 42. For the final score, 0 signifies no stroke impairments, 1-4 

represents minor stroke impairments, 5-15 represents moderate stroke impairments, 16-20 

represents moderate to severe stroke impairments, and 21-42 represents severe stroke 

impairments.  

A recognized problem with these existing scales to quantify neurological impairments is that 

they are inherently subjective (Scott and Dukelow, 2011). This is because these assessment tools 

rely on visual or physical inspection by the clinician. For example, one of the categories within 

the CMSA is the assessment of impairments in the participant’s foot. A specific task within this 

category requires the participant to trace a pattern with their affected foot (e.g. move forward, 

side, back, and then return). The clinician must rely solely on their visual inspection of how 

accurately and timely the participant performed the task somewhere on the grading scale. In 

order to ensure that clinician’s score impairments similarly, scores must be quite coarse. For 

example, the multi-point grading scale utilized in the NIHSS with a range from 0 to 4. For the 

level of consciousness measure, 0 signifies the participant is alert, 1 signifies the participant 

appears drowsy, 2 signifies the participant is stuporous, and 4 signifies the participant is in a 

coma.  

This coarseness leads to several challenges (Scott and Dukelow, 2011). First, participants 

may improve with time due to therapy, but receive the same score due to the coarseness of the 

scale. Relating back to the NIHSS example, during the level of consciousness assessment a 

participant may appear slightly drowsy, thus resulting in a score of 1, but clearly more alert than 

their initial assessment in which they also scored a 1. This is problematic as there can be visible 

improvements in impairments yet the results of the scale indicate nothing has changed. Second, 

scales commonly have floor effects, in which two participants both receive the lowest score but 
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one individual is clearly more impaired than the other, or ceiling effects, whereby a participant 

receives a score identifying that there is no impairment when they clearly have some difficulty 

performing the task but not sufficient to get a lower score.  

Another challenge with clinical tools is that they focus on a fraction of sensory, motor or 

cognitive functions performed by the brain.  There are existing assessment tools to assess many 

of these processes. However, a thorough assessment across all of these domains requires many 

different clinical tools and can take an enormous amount of time. For example, a complete 

neuropsychological assessment commonly takes 8 hours to complete (Lezak et al, 2004). This is 

a particular challenge for participants with stroke who can be easily fatigued (Colle et al, 2006, 

Christensen et al., 2008). Overall, an optimal tool for neurological assessment should be 

objective, have high precision and can be completed in a timely manner.  

1.3 Potential of Robotic Technologies for Neurological Assessment  
 

Since there emergence decades ago, robotic technologies have been a pivotal tool utilized 

in basic research. Through countless studies they have provided us with invaluable information 

regarding sensory and motor function, and how they relate to various regions within the brain 

(Nozaki et al., 2006, Mandelblat et al., 2009, Franklin et al., 2007, Takei et al., 2018, Kluzik et 

al., 2008). The key value with the technologies is that they can both measure how we move and 

also apply loads to disturb the motor system and observe how participants respond.  

There are two primary variations of robots that are used in the study of arm function. The 

first being exoskeleton devices (Dukelow et al., 2010 (KINARM), Mihelj et al., 2006 (ARMin)). 

These robots operate in tandem with the subject, providing a parallel motion to the individual 

body segments, such that the joints of the robot are aligned with the joints of the participant 
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within the device. These devices can provide an immense amount of information with regard to 

hand and joint movement during an examination. Many of these devices are designed in such a 

way that the participant’s limbs are supported by the exoskeleton frame, thus reducing the 

possibility of participant fatigue, which could negatively impact the quality of the assessment.  

The second type of robot is end-point robots (KINARM end-point, Krebs et al., 1998 

(IMT-Manus), Hesse et al., 2007 (Reha-Slide), Reinkensmeyer et al., 2000 (ARM-Guide)). 

These robots are operated by the participant holding onto handles at the end of a robotic linkage 

which enables the robot to track and measure the motion of the participant’s hand. As these 

robots do not have to be adjusted to the size of the participant’s arm geometry, they are easier to 

operate and tend to be less expensive. However, this simplification of the participant setup does 

come at a cost. Since the participant’s elbow and shoulder joints aren’t stabilized and configured 

to the robot, these end-point devices provide less information on how the limb is used to generate 

limb motion.  

A pivotal advantage of robots is the ability to control limb movement through the 

application of mechanical loads. This enables a more comprehensive study of motor learning and 

response to mechanical disturbances applied to the limb (Singh and Scott, 2003, Shadmehr and 

Mussa-Ivaldi, 1994, Wolpert and Kawato, 1998, Wolpert and Ghahramani, 2000, Shadmehr and 

Smith, 2010). These technologies can also control the exact position and motion of the limb in 

the workspace which would otherwise be difficult to study without robotic technologies.  

Many of these devices are supplemented with virtual reality systems so that feedback of 

the limb (a simple cursor representing hand position or a complete rendering of the participant’s 

limb) can be displayed and aligned in the workspace, as well as display visual stimuli to the 

subject. Many of these systems utilize the computer screen to provide feedback of the hand, 
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usually in the form of a cursor. Some of the more complex systems, such as the KINARM, can 

allow the natural registration of the participant’s visual and proprioceptive feedback as they 

perform specified tasks. The integrated virtual reality systems allow us to create a multitude of 

behavioural tasks, providing us with a deeper understanding of motor and sensory function as 

well as potential aspects of motor learning.   

Given the ability of robots to both measure and alter limb motion, they also have great 

potential for quantifying impairments associated with neurological disorders. Hermano Krebs’ 

early work utilized robotic devices in the therapy and rehabilitative process on motor recovery 

following stroke (Krebs et al., 1997, Krebs et al., 1998). The study revealed that impairments 

declined for participants within both therapeutic groups, traditional measures and robotic-

assisted, however the robotic-assisted group showed greater improvements in all measures of 

motor recovery. In a later study, a set of motor tasks were utilized to establish biomarkers of 

motor recovery (Krebs et al., 2014). Participants were evaluated during 5 separate sessions (7, 

14, 21, 30, and 90 days post stroke) on the robotic motor tasks as well as evaluated on a set of 

clinical measures including NIHSS. The study showed that the robotic measures predicted the 

clinical measure with moderate to high accuracy. The study also noted the greater sensitivity in 

measuring the recovery process of patients when the robotic measures were combined with 

artificial neural networks, calculating an increased standardized effect of 1.47.  

A study tested the effectiveness of utilizing videogames to assess reaching performance 

in stroke participants (Acosta et al, 2011). The participants were instructed to make reaching 

motions to various targets within their workspace, initially represented with a virtual avatar of 

their arm and then with a 3D Air Hockey game. During the assessment the robotic device would 

provide variable arm control for the participant as they performed the reaching movements. The 
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results revealed an increased range of motion when participants made reaching movements with 

the avatar, as compared to the range during assessment of the Air Hockey game. Ultimately, as 

the robotic device took on more weight support, the range of motion within the horizontal plane 

increased.  

Robotic technologies have also unveiled relationships and quantified specific 

impairments which traditional assessment tools were unable to distinguish (Dukelow et al, 2010; 

Simmatis et al, 2017). Many studies have shown, through the use of clinical assessment tools, 

correlations between position sense and visuomotor function (Carey, 1993). However, robotic 

assessment of participants on tasks pertaining to proprioception and visuomotor function have 

revealed a significant independence between the two domains (Dukelow et al, 2010). The study 

assessed 100 inpatient stroke participants and 231 non-disabled control participants on two 

robotic tasks with regard to position sense (Position Matching) and motor performance (Visually 

Guided Reaching). The participants also completed various traditional assessment tools 

including, but not limited to, the Chedoke-McMaster Stroke Assessment (impairment inventory) 

and the Functional Independence Measure. The study revealed that the performance by 

participants on the two robotic tasks was statistically independent. However, relationships 

between the performance in these robotic tasks and participants abilities in daily activities were 

statistically correlated.  

 Robotic technologies has also been used to quantify a wide range of impairments in 

participant who have suffered from a transient ischemic attack (TIA) (Simmatis et al, 2017). 

Traditionally TIA participants are not supposed to have any lasting impairments, with an overall 

symptom resolution of less than 24 hours. However, many participants demonstrate lingering 

impairments within 3 months of the initial attack. The robotic study revealed 4 tasks that 
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quantified at least 25% of participants as impaired in some domain, with the RVGR task 

quantifying as high as 46.2% and 61.5% impaired for the participant’s affected and unaffected 

arms, respectively. These participants were quantified as impaired while also receiving passing 

scores in traditional neurological assessments, such as NIHSS.   

The KINARM exoskeleton robotic device will be utilized within this thesis as the 

primary tool for neurological assessment. The subsequent sections will describe the various 

behavioural tasks used in this thesis. Parameter data will also be outlined in order to provide a 

brief overview on the use of this platform for neurological assessment.  

1.4 Behavioural tasks to quantify brain dysfunction  
 

We have developed a suite of behavioural tasks to assess many aspects of brain function, 

roughly organized into tasks to assess sensory, motor and cognitive processes. Each of these 

tasks are briefly described. 

1.4.1 Motor tasks 

 

Visually Guided Reaching: This was the first task to be developed for the KINARM 

robot (Coderre et al., 2010). The Visually Guided Reaching task enables analysis of basic 

visuomotor function with regard to aspects such as postural control, reaction time, movement 

initiation and ability to make motor corrections. The study found a broad range of participants 

were impaired in performing the motor task. For example, 81% of participants were identified as 

impaired based on initial direction error for their contralesional arm. Interestingly, reaching 

movements with the ipsilesional arm were also impaired in many subjects. Inter-rater reliability 

measures, generated by having participants perform the task twice, was generally very good 

(r>0.80).  
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Ball on Bar: This is a relatively new motor task within the KINARM standard tests, 

initially utilized for assessment of bimanual coordination impairments within participants post-

stroke (Lowrey et al., 2014). A large range of impairments in bimanual performance on the task 

was found within the stroke population. In general, 85% of stroke participants presented with 

impairments in more task parameters than 95% of healthy controls. The task has been shown to 

be reliable, demonstrating a good correlation between the tasks classification of impairments and 

that defined by the Chedoke-McMaster stroke assessment scale (r = -0.6). 

Object Hit: This is the last motor-based task within the KINARM Standard Tests. The 

task was initially utilized to assess sensorimotor dysfunction within the stroke population 

(Tyryshkin et al., 2014). Within the stroke participants assessed, 67% of right-affected and 87% 

of left-affected performed worse than 95% of healthy controls in the parameter pertaining to the 

number of balls hit. The study also found that 97% of stroke participants that were identified 

with visuospatial neglect performed worse in this total hits parameter than healthy controls. 

Inter-rater reliability were relatively high with half of the parameter correlations greater than 

0.90.  

1.4.2 Cognitive-motor tasks 

 

Reverse Visually Guided Reaching: This task closely resembles that of the Visually 

Guided Reaching task, except that the cursor represented hand position moves in the opposite 

direction to the actual motion of the hand. This task was initially utilized in quantifying 

visuomotor impairments in adults at an increased risk of Alzheimer ’s Disease (Hawkins et al., 

2014). The study revealed significant performance differences in at-risk participants when 

compared to 95% of healthy controls. The study also utilized classification algorithms to 
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discriminate between high and low risk individuals, resulting in an overall classification 

accuracy of 86%.  

Object Hit and Avoid: This task closely resembles the Object Hit task, but with an 

additional cognitive element to its evaluation. The task was first utilized to quantify impairments 

in rapid motor decisions after stroke (Bourke et al., 2014). The study found that 78% of the 

assessed stroke participants displayed impairments in a broad range of task parameters relative to 

95% of healthy controls. The study also determined that 50% of stroke participants hit 

proportionally more distractor objects than healthy controls. There was also a good correlation 

between the proportion of distractor objects hit and the Montreal Cognitive Assessment scores (r 

= -0.48).  

1.4.3 Cognitive tasks  

 

Trail Making: This is the first of two cognitive tasks within the KINARM standard tests. 

The task is an adaptation of a pen and paper test, utilized to assess the participant’s prowess in 

task switching (Corrigan et al., 1987). The task as been utilized in a recent study assessing 

participants who have suffered a Transient Ischemic attack (TIA) (Simmatis et al., 2017). The 

results of the study showed that 9% of TIA participant were quantified as impaired on the Trail 

Making B task variation, when compared to the 95% performance of healthy control subjects.  

Spatial Span: This task is the second of two cognitive tasks to be added to the KINARM 

Standard Tests. The task is an adaptation of the Corsi Block Tapping Task (Owen et al., 1996). 

The task aims to assess visuospatial working memory, defined by the temporary storage and 

processing of information we are presented with during everyday life. The task has been used in 

a recent study assessing potential impairments in participant who have had a Transient Ischemic 
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Attack (Simmatis et al., 2017). The study reported that impairment rate for TIA participant 

performing the Spatial Span task was 27%.  

1.4.4 Sensory task 

 

Arm Position Matching: This task is the only sensory based task in KINARM Standard 

Tests, and was initially used for quantitative assessment of limb position sense following stroke 

(Dukelow et al., 2010). The study found 66% of left hemiparetic and 33% of right hemiparetic 

participants displayed deficits in limb position sense, when compared to 95% of healthy controls. 

Interestingly, the study found the left-affected stroke participants displayed significantly more 

trial-to-trial variability when compared to both right-affected and healthy controls. The task 

parameters had good inter-rater reliability, but displayed limited levels of agreement with the 

traditional thumb localizing test.  

 

1.4.5 Standardized Behavioural Assessment scores 

 

For each behavioural task, there are a large number of parameters to quantify the spatial 

and temporal features of participant performance. Each parameter is defined using different units 

of measure which makes it difficult to make comparisons across parameters. For example, is a 

reaction time of 500ms worse than an initial direction error of 15 degrees?  As well, factors such 

as age, sex and handedness influence our performance (Herter and Scott, 2014, Coffey et al, 1998).  

Is a reaction time of 450 ms for a 20 year old female better than a reaction time of 500ms for an 

80 year old male?  These comparisons require approaches that can transform participant 

performance so that different measures and individuals can be directly compared.  
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One approach is to transform each parameter into Z-scores, a value that defines how many 

standard deviations the score is from the mean (Kreyszig, 1979). Z-score values are based on 

comparing performance to a ‘normal’ population such that a value of 0 reflects mean performance 

(50th percentile), -1.96 reflects performance at the 5th percentile and +1.96 is at the 95th percentile. 

In many cases, parameter values are not normally distributed. For example, reaction time 

commonly has a longer tail for slower times (Lacouture and Cousineau, 2008, Balota and Yap, 

2011). A common way to transform distributions to be normally distributed is using Box-Cox 

equations (Box and Cox, 1964).  Regressions models can also be incorporated when transforming 

the data to remove the influence of factors such as age or sex. 

For each task, we have collected a large cohort of healthy control participants to define this 

normal population. We have also developed a series of processes to convert each task parameter 

into Z-scores that ensures the data is normally distributed and, when necessary, also considers the 

influence of age, sex and handedness (Simmatis et al, 2017). These analyses are now provided 

automatically in KINARM Standard Tests (KINARM Standard Tests Summary, 2018). 

 This normalization process also permitted the development of global task scores that 

combine all task parameters (Benson et al., 2017 Simmatis et al. 2017).  Task Score is a simple 

RMS of all task parameters that is re-normalized based on task scores using our healthy population.  

The normalization process improves the accuracy of robot-based measures in that they 

remove systematic influences such as age on participant performance and the influence of non-

normal distributions.  However, these models do not address the issue of precision and statistical 

variability of a given measure. 

1.5 Parameter Confidence Interval 
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If someone were to hit 150 of 300 balls in the Object Hit Task before they started 

therapy, and then hit 160 after therapy, did they improve?  Mathematically they hit more balls, 

but is this statistically significant? Given the complexity of the task it is likely that a participant 

will not always hit the same number of balls each time they perform the task.  Rather there is a 

distribution of balls hit for each subject. The problem is that we have only a single measure when 

the participant performs the task.  A key question is whether hitting 10 more balls during the 

second assessment is more than expected by chance? 

In some tasks such as Visual-Guided Reaching we collect many trials and can identify a 

mean and SD for a given measure during a given session.  However, these measures of statistical 

variability do not consider several factors that can influence performance such as how the 

operator adjusts the robot to the participant or fatigue. 

The issue of identifying whether two measures are different begins with the idea of 

confidence intervals, an interval estimate computed from the statistics of observed data. Most 

commonly, the 95% confidence interval is used.  For example, suppose we took our participant 

that hit 150 out of 300 balls in the Object Hit Task and we evaluated them 1000 times. In those 

1000 trials, their mean balls hit was 155 with a SD of 3 balls.  Thus, we can determine that for 

any given evaluation of this subject, they will hit between 149 and 160 balls, 95% of the time.  

Given measures of confidence intervals, we can now quantify statistically significant change, 

defined as the change in participant score, from one assessment to another, that’s outside the 

95% confidence of potential score differences, relative to the participants own score. Simply put, 

there exists a specific cutoff value for each observed metric that designates the necessary 

difference in assessment score to label a participant significantly changed from a statistical 

perspective.  
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Another consideration is the influence that learning has on these defined metrics. Repeat 

assessments for some neurological tasks, especially between the first and second assessment, 

have been shown to demonstrate moderate learning effects (Falleti et al., 2006, Little et al., 

2015). Within our initial example, is it possible that the 10 ball increase in overall hits was 

simply the result of a learning effect? The influence of learning slightly alters how we approach 

this issue of defining statistically significant change. The cutoff value for each parameter must 

consider not on the confidence interval but also the expected change in score due to learning.  

 Related to these measures of confidence and learning is statistical measures such as 

Intraclass correlation (Koch, 1982). ICC values provide insight into the degree to which 

measures within the same group resemble each other. There are several different ICC scores that 

consider various factors. For example, the absolute ICC calculation will provide the degree of 

agreement between two raters, incorporating both systematic errors and learning effects. In 

contrast the consistency ICC calculation provides the degree of agreement between two raters, 

omitting systematic errors and learning effects from the calculation (i.e. does not penalize 

learning). The ICC calculation, for the purpose of this thesis, provides a measure of inter-rater 

reliability, signifying the degree to which different raters assess behavior, in contrast to test re-

test scores which measure the stability of the test over multiple observations.  

1.6 How to estimate Confidence Interval   
 

The simplest approach to estimate the confidence interval for a parameter is to simply 

sample a large number of participants once, which has already been done with all of the robot-

based tasks in order to develop the normative models for each task parameter.  However, the 

associated distribution assumes that all participants perform similarly. Previous work highlights 
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that ICC values for task parameters typically have values on the order of 0.5 and many over 0.8 

(Little et al, 2015).  These correlations mean that some participants are consistently better and 

other participants are consistently worse. In other words, the actual confidence interval for an 

individual participant is smaller than the confidence interval calculated across all subjects. 

In order to account for the variability of participant performance, the most simplistic 

approach would be to have participants complete the standard task protocol many times within a 

relatively short time frame. Given enough assessment data points, a distribution could be 

formulated accurately representing the values for which each participant can score with respect 

to any given task parameter. Utilizing the standard deviation of each parameter distribution, 

confidence intervals for each parameter relative to a specified confidence (p=0.05) could be 

determined. 

Statistically significant change can then be defined utilizing the confidence interval 

distributions. Randomly selecting two values within the parameter distributions, and forming a 

new distribution made up of the differences, would provide the means for quantifying statistical 

significant change over multiple assessments. Similar to the confidence interval, the standard 

deviation of the distribution of differences could be used to quantify a specific difference value 

signifying significant change, relative to a specified confidence.  

The feasibility of this specific method is extremely low however, as it would require 

participants to be evaluated many times, relating back to the example of running participants 

1000 times on the Object Hit task to formulate the confidence interval.  Given that each 

evaluation for the KINARM standard tests requires approximately 1 hour to complete, it would 

take a very long time to have sufficient data to estimate the confidence interval for a single 

subject.  
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In order to efficiently approach this problem, a more feasible solution must be adopted. 

As opposed to running participants many times, multiple participants could be collected in which 

each participant is evaluated twice, with the second assessment relatively close to the first. The 

resulting distribution of differences can be used to estimate the confidence intervals, and thus 

also define statistically significant change, learning effects, and ICC values for each task 

parameter.  

1.7 Purpose of Thesis 
 

The objective of this thesis is to quantify metrics to assess the precision of robot-based 

measures. Specifically, we will quantify participant confidence intervals for each task parameter, 

parameter cutoff values which signify statistically significant change between assessments, 

group learning effects, and the test-retest reliability of each parameter through the use of ICC 

values. In order to effectively quantify each of these metrics, participant data will be collected by 

assessing each participant twice, with the maximum time between assessments set at 1 week. 

Each assessment will be conducted on the KINARM exoskeleton robotic device. Within each 

assessment, participants will complete the KINARM standard tests protocol, which encompasses 

a set of behavioural tasks, assessing potential motor, motor-cognitive, and cognitive 

impairments.   

The analysis of participant performance variability relies heavily on the definition of 

expected performance based on random chance. Suppose a healthy participant was assessed 

multiple times and their resulting confidence interval was calculated to be ±1.96, centered on a 

score of 0. Given that general healthy performance, at 95% confidence, is defined between -1.96 

and +1.96, the participant’s performance could be simulated by just randomly selecting values 
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within this range.  Ultimately, we can define this range between -1.96 and +1.96 as the 

“population interval”. This interval signifies the theoretical upper bound for a parameter 

confidence interval.  

The large cohort of healthy participants performing the KINARM standard tests provide a 

robust assessment of the population interval for each task parameter. Thus, the general 

hypothesis is that the calculated confidence interval for each task parameter will be smaller than 

that of the population interval (±1.96).  

 

Section 2 Methods 

2.1 Participants  
 

 Participants were recruited from the community in the region of Kingston, Ontario. 

Recruitment for the study was completed through flyers posted around the Queen’s University 

campus, as well as within the surrounding Kingston area. Contact for recruitment purposes was 

also made to participants who’d previously been utilized in other KINARM related studies. The 

KINARM database was also searched for any previously evaluated participant, existing in 

external studies, which met this studies’ criteria and added to the cohort for each task. 

Participants were excluded if they: 1) had any current, or previously diagnosed, neurological 

impairment, 2) they were incapable of understanding, or properly completing, the assessment 

protocol, or 3) had any upper limb impairments that negatively impacted their ability to perform 

the behavioral tasks. A brief interview detailing the participant’s medical history was performed 

to ensure sufficient participant eligibility. This interview primarily consisted of questions 

regarding any potential incident or pre-existing neurological condition that may impact the 
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participant’s performance. This interview also made inquiries as to any existing neurological 

conditions within direct family. Prior to the robotic assessment, participants provided written 

consent. Ethics approval, for all assessment procedures, was obtained through the Queen’s 

University ethics board.   

 

2.2 Robotic Assessment  
 

 Robotic assessment for the study was conducted on the KINARM exoskeleton robot 

(BKIN Technologies Ltd., Kingston, Ontario). Participants are placed in a modified wheelchair, 

the arm troughs, as well as the seat itself, are adjusted for each individual participant to ensure 

optimal mobility and participant comfort (Figure 2.1B). The robot provides full gravitational 

support for the participant’s arms and is capable of applying mechanical loads at the shoulder 

and elbow joints using torque motors. The KINARM exoskeleton lab is supplemented with a 

virtual reality environment which can present objects and/or feedback of hand position (i.e. a 

white circle) in the horizontal workspace (Figure 2.1A). Direct vision of the limb is blocked.  

A large cohort of the participants were evaluated on each of the eight tasks presently available in 

KINARM Standard Tests. As well, some participants were collected on one or a few of the 

tasks as part of earlier studies to quantify inter-rater reliability. Task descriptions are defined in 

Table 2.1. For this study, participants were evaluated on each task twice. The participant would 

be setup in the KINARM robotic system and complete each task under the supervision and 

instruction of a KINARM operator. The participant would then be setup in the system and 

complete each task again under the supervision of a different operator. The second evaluation 

was conducted no later than one week after the initial evaluation (majority of participants had 

both evaluation within the same day, one after the other).  



20 
 

 

Figure 2.1: Animated depiction of the KINARM exoskeleton robotic apparatus. (A) Virtual 

reality setup. (B) Exoskeleton chair.  

   

Task Description 

VGR Subjects’ finger is represented as a white dot. Participants move and 

maintain their finger at a central target. After a random time interval, one 

of four peripheral targets is displayed and participants must move quickly 

and accurately to the target. When the central light is re-illuminated, the 

participant reaches back to the central target (Coderre et al., 2010).  

RVGR Similar to the VGR task, the participant must move quickly and 

accurately to the peripheral targets (same four target locations) when they 

appear. In this case, the white cursor will move in the opposite direction 

of the subjects’ physical movements (Hawkins et al., 2014). 
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OH Subjects’ hands are represented as virtual green paddles. During the task, 

red balls will drop from ten binned locations and move towards the 

participant and the frequency of drops and speed of balls increase over the 

duration of the task. The subjects’ objective is to hit as many balls as 

possible with the virtual paddles (Tyryshkin et al., 2014). 

OHA Similar to the OH task, but instead of balls there are eight different shapes 

that can be dropped from the ten binned locations. The subjects’ 

instructed to hit two shapes and avoid hitting all remaining objects 

(Bourke et al., 2016).  

BOB Subjects’ hands are connected via a virtual white bar, with a white ball 

centered along the bar. Red targets will appear and the participant must 

move the white ball to the targets as quickly as possible. The task consist 

of 3 levels, in which each subsequent level gets harder as the ball can 

move along the bar based on the angle of the bar (level 2), or can freely 

roll (level 3) (Lowrey et al., 2014). 

PM One of the subjects’ arms will be moved by the robot to one of four 

possible spatial locations. The subjects’ objective is to mirror-match the 

position with their opposite arm (the one not moved by the robot). The 

participant completed the task twice, swapping which arm is moved by 

the robot (Dukelow et al., 2010).  

TMT Subjects’ are instructed to connect dots sequentially, within the 

constraints of two possible task variants, as quickly as possible. Variant A 

consists of only numbers, whereby subjects’ must connect the numbered 
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dots sequentially (1, 2, 3, etc.). Variant B is alpha-numeric, whereby the 

subjects’ must sequentially connect dots interweaving numbers and letters 

(1, A, 2, B, etc.) (Corrigan et al., 1987).  

SPS Subjects’ are presented with a grid of twelve targets. A specific number of 

targets are illuminated in sequence. After a brief pause, the participant 

must moving their finger to each target in the sequence. The task consists 

of multiple iterations in which the sequence length increases and 

decreases relative to the subjects’ performance (Berch et al., 1996).  

Table 2.1: KINARM standard task descriptions 

 

Participant parameter values exist within specific units (i.e. movement time in seconds, 

initial direction angle in degrees) unique to the task and parameter being analyzed. In order to 

create a more standardized system of measures, parameter values for each task were converted to 

Z-scores before any calculations or analysis was conducted. Z-scores convert all parameter 

values to a measure of how many standard deviations an observed value is from the mean 

(Kreyszig, 1979).  

Parameter values are converted into Z-scores by BKIN Technologies Ltd., which are 

formulated utilizing a large cohort of healthy participants collected in each KINARM task 

(KINARM Standard Tests Summary, 2018). The data conversion to z units included 

transformations to ensure that the data was normally distributed and also considered the 

influence of age, sex and handedness on performance. Formulating Z-score conversions in this 

way ensures a more accurate and robust system when comparing between different types of 

parameters. Z-scores are based on Gaussian distributions, which enables easy interpretation of a 
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participants Z-score as a percentile (i.e. Z-Score of 1 is 84.1%, Z-Score of 2 is 97.7%, and a Z-

Score of -2 is 2.3%), thus 95% of healthy control participants will score between -1.96 and 1.96.  

 

2.3 Statistical Analysis 
 

2.3.1 Assessment Difference Analysis 

 

 Assessment difference values, for each participant within the cohort, were initially 

calculated by computing the difference between their first and second assessment scores. At this 

point outliers were removed from task parameters when necessary. A parameter Z-score 

difference exceeding ±3.2 was the exclusion cutoff utilized in all parameter calculations with 

regard to outliers, reflecting the fact that such a large difference should only be observed 1 in 

1000 subjects.  

Repeat testing of each individual participant on a task permits us to compute measures 

about the precision of each task parameter. Estimates of significant change for each parameter 

were computed by subtracting the difference between the first and second assessments, and then 

calculating standard deviation (SD) of this difference across the cohort. Assessment Difference is 

defined at 1.96 (97.5 and 2.5%). These limits are represented as blue dashed lines on the 

parameter CUSUMs and Bland-Altman plots in Figure 2.2. 
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Figure 2.2: Sample output for Object Hit task. (A) Basic experimental paradigm with each 

participant assessed twice in each task. (B) Bland-Altman plot. Each participant represented with 

a blue dot. Bolded center line displaying the group learning effect (LE). (C) CUSUM plots, Red: 

assessment confidence, Blue: assessment difference. (D) Participant assessment scatter plot, 

symmetry line illustrated with bolded blue line. 
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2.3.2 Assessment Confidence  

 

Confidence interval is an estimate of the possible range that encompasses the true value 

for any observed parameter. The confidence interval was computed using the parameter values 

for repeat assessments. Assessment confidence values, for each subject, were calculated by 

taking the difference between their assessment scores and dividing it by √2. This specific factor 

is defined based on the framework of the Variance Sum Law (Loève, 1977).  

The Variance Sum Law is used to express the variance of a distribution made up of the 

addition, or subtraction, of two independent variables (Loève, 1977). It states that the variance of 

the new distribution of differences is the addition of the variances from the original variable 

distributions. Since all parameter values are analyzed in Z-Units, which are normalized scores to 

fit a distribution with a mean of 0 and standard deviation of 1, the variance of the distribution of 

difference becomes 2 (Standard deviation for distribution of differences equal to √2). Utilizing 

this fact, participant confidence distributions can be formed through a simple factor calculation 

of the already established distribution of differences. This transformation, from collected data of 

participant assessment difference to participant assessment confidence, is visualized in Figure 

2.3. 

For each parameter, within all KINARM standard tasks, assessment confidence 

distributions were formulated and accompanying interval values were calculated. Utilizing the 

Variance Sum Law as the framework, individual assessment confidence values were calculated 

by taking their assessment difference and dividing it by √2. Assessment confidence values, for 

each task parameter are visually represented in CUSUM plots, designated in red (Figure 2.2 C).  
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Figure 2.3: Visualization of the variance sum law transformation and accompanied standard 

deviation formula, Red: assessment confidence, Blue: assessment difference.  

 

2.3.3 Learning Effects  

 

Learning effects were calculated using the data sets for the first and second assessments 

for each task. Paired-sample t-test were used to determine if there was a significant difference 

between the two assessments across the cohort of subjects. The paired-sample t-test utilizes the 

null hypothesis that the data from the participants second assessment minus their first assessment 

comes from a normal distribution with a mean of zero (Freund and Perles, 2006). The calculation 

setup utilized an alpha of 0.05 for the test significance level which determined if the null 

hypothesis was rejected for each parameter calculation. The mean learning effects for each 

parameter can be visualized in a Bland-Altman plot (Figure 2.2 B). The bolded, horizontal, black 



27 
 

line represents the mean learning effect, whereas the thin black line represents a difference 

between assessments of zero (i.e. no learning effect for that specific parameter). 

2.3.4 Intraclass Correlation  

 

Correlation analysis enables statistical evaluation of the relationship between the first and 

second assessment scores. Intraclass correlation analysis is a unique tool that conveys the degree 

in which elements within the same group resemble each other (Koch, 1982). Unlike traditional 

correlation tools, such as a Pearson correlation, Intraclass correlation formulates data within 

designated class groups instead of classifying observations as paired units. Intraclass correlation 

provides a measure, between -1 and +1, defining the strength of the relationship between groups, 

-1 signifying perfect negative correlation, while +1 represents a perfect positive correlation. 

Intraclass correlation provides a number of different output values based on the defined 

configuration of the calculation. For the purpose of this study, the absolute and consistency ICC 

metrics were utilized for analysis. Graphically the difference between these configuration outputs 

can be visualized in Figure 2.4. The absolute correlation calculation tests the degree to which the 

first assessment score resembles the second assessment score (i.e. X=Y), this calculation 

penalizes the presence of group learning effects. This can be visualized within Figure 2.4 where 

the relative correlation of the top data set is perfectly positive, however the presence of a mean 

learning effect of 1 forces the absolute correlation value down to 0.83. The consistency ICC 

metric provides a much more traditional correlation value, defining the analysis based on the 

relative correlation between assessments. This can be visualized within Figure 2.4 where the 

consistency correlation value for the top data set remains +1 even though there is a clear group 

learning effect present. The basic ICC formula is given by var(β)/(var(α)+var(β)+var(ε)), where 

var(β) is the variability due to participant difference, var(α) is the variability due to rating 
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differences, and var(ε) is the variability in participant evaluation by judges. Intraclass correlation 

values, for both the absolute and consistency ICC metrics, were calculated for each unique 

parameter within all the KINARM standard tasks, illustrated within the last two columns of the 

task tables [Results Tables].  

 

Figure 2.4: Visualization of the 2 variations for ICC used in this study, ICC absolute and ICC 

consistency.  

 

Section 3 Results 

3.1 Participant Demographics 
 

 Data was collected from an average of 58 participants for each behavioural task. 50 

participants were recruited, while any additional numbers were from participants already existing 



29 
 

in the database.  The minimum collection size of 50 was determined through Monte Carlo 

simulations, which consisted of thousands of iterations of randomly sampled normal distributions 

with a population of 50. The participants’ demographics are summarized in Table 3.1. 

Demographic scores are displayed for each evaluated KINARM task. Participant totals across 

tasks differ due to varying amounts of pre-recorded data that fit our evaluation criteria (i.e. 

already existed in our database).  

Task Age** Sex Handedness  

VGR (34.5, 18.7, 18, 83) 37F / 21M 50RH / 8LH 

BOB (35.3, 18.2, 18, 83) 37F / 22M 51RH / 8LH 

OH (35.7, 18.6, 18, 83) 39F / 24M 54RH / 9LH 

RVGR (36.1, 18.1, 18, 83) 37F / 21M 51RH / 7LH 

OHA (34.8, 17.9, 18, 83) 38F / 23M 53RH / 8LH 

TM (35.2, 18.2, 18, 83) 34F / 20M 46RH / 8LH 

SS (36.6, 17.8, 18, 83) 35F / 20M 48RH / 7LH 

PM (34.9, 18.2, 18, 83) 37F / 21M 50RH / 8LH 

Note: **(Mean, Standard deviation, Minimum, Maximum) 

Table 3.1: Participant demographics.  

 

3.2 Motor Tasks  
 

1) Visually guided reaching, dominant and non-dominant hands 

Tables 3.2 and 3.3 display the task performance in the VGR task for subjects’ dominant and 

non-dominant hands, respectively. In general, participants performed relatively similar across 

both dominant and non-dominant hands. One participant was removed as an outlier from a total 

of 22 parameters analyzed (11 for each hand), roughly falling in line with the expectation of 

observing 1 outlier in every 1000 parameter values. Significant change values, and assessment 

confidence intervals, for the participant’s dominant hand ranged from 1.25-2.44 and 0.90-1.75, 

respectively. Values for non-dominant hand ranged from 0.86-2.63 and 1.21-1.88, respectively. 
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Significant learning effects were present in 35% (4/11) and 27% (3/11) of task parameters for 

dominant and non-dominant hands, respectively. ICC values for dominant hand were fairly 

moderate with 45% (5/11) less than 0.50, 45% (5/11) between 0.50 and 0.75, and 10% (1/11) 

greater than 0.75. Similar results were observed for non-dominant hand parameters with 54% 

(6/11) less than 0.50, 36% (4/11) between 0.50 and 0.75, and 10% (1/11) greater than 0.75.  

 

Parameter Participants 

removed 

Significant 

change 

Assessment 

confidence  

Mean 

learning 

effect 

ICC 

absolute 

ICC 

consistency 

Z_TaskScore 0 2.28 1.63 -0.20 0.32 0.34 

Z_InitialDirectionAngle 0 2.24 1.60 -0.19 0.23 0.24 

Z_InitialDistanceRatio 1 1.71 1.22 0.33** 0.32 0.42 

Z_M_score 0 2.08 1.49 -0.13 0.51 0.51 

Z_MaxSpeed 0 1.25 0.90 0.02 0.84 0.84 

Z_MinMaxSpeedDifference 0 1.86 1.33 -0.21* 0.50 0.53 

Z_MovementTime 0 1.69 1.21 -0.11 0.63 0.63 

Z_PathLengthRatio 0 2.16 1.54 -0.25* 0.50 0.53 

Z_PostureSpeed 0 2.29 1.63 -0.09 0.34 0.34 

Z_ReactionTIme 0 1.60 1.14 0.02 0.73 0.72 

Z_SpeedMaximaCount 0 2.44 1.75 -0.30** 0.17 0.21 

Table 3.2: VGR task results, assessed on the participant’s dominant hand. Note: *signifies 

statistical significance (p<0.05). **signifies statistical significance after Bonferroni correction. 

 

Parameter Participants 

removed 

Significant 

change 

Assessment 

confidence  

Mean 

learning 

effect 

ICC 

absolute 

ICC 

consistency 

Z_TaskScore 0 2.36 1.68    -0.16 0.27 0.27 

Z_InitialDirectionAngle 0 2.05 1.46 -0.34** 0.20 0.28 

Z_InitialDistanceRatio 0 2.63 1.88 0.24 -0.10 -0.08 

Z_M_score 0 2.00 1.43 -0.03 0.49 0.48 

Z_MaxSpeed 0 0.86 1.21 -0.05 0.82 0.82 

Z_MinMaxSpeedDifference 0 1.89 1.35 -0.23* 0.57 0.60 

Z_MovementTime 0 1.61 1.15 -0.01 0.58 0.57 

Z_PathLengthRatio 0 1.94 1.39 -0.29** 0.64 0.68 

Z_PostureSpeed 0 1.95 1.39 -0.08 0.40 0.40 

Z_ReactionTIme 0 1.62 1.15 -0.08 0.71 0.71 
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Z_SpeedMaximaCount 0 2.26 1.62 -0.15 0.26 0.27 

Table 3.3: VGR task results, assess on the participant’s non-dominant hand. Note: *signifies 

statistical significance (p<0.05). **signifies statistical significance after Bonferroni correction. 

 

2) Ball on bar (BOB), levels 1-3 

Table 3.4 displays the task performance for the Ball on bar task. In general, participant 

performance is comparable to visually guided reaching. Five participant parameter values were 

removed from a total of 41 analyzed parameters. Significant change values, and assessment 

confidence intervals, ranged from 1.25-2.44 and 0.89-1.74, respectively. Significant learning 

effects were present in 34% (14/41) of task parameters, with the first level of Ball on Bar 

presenting the most parameter learning with 46% (6/13) of level 1 parameters showing a 

significant learning effect. For ICC parameter values, 37% (15/41) were less than 0.50, 56% 

(23/41) were between 0.50 and 0.75, and 7% (3/41) were greater than 0.75.  

Parameter Participa

nts 

removed 

Significant 

change 

Assessment 

confidence  

Mean 

learning 

effect 

ICC 

absolute 

ICC 

consistency 

Z_TaskScore 0 1.59 1.13 -0.19* 0.52 0.55 

Z_1_BarLengthVariability 0 1.73 1.23 -0.01 0.60 0.59 

Z_1_HandPathBias 0 2.24 1.60 0.18 0.40 0.41 

Z_1_HandSpeedDiff 0 1.84 1.31 0.02 0.53 0.53 

Z_1_HandSpeedPeakBias 0 2.44 1.74 -0.30* 0.37 0.41 

Z_1_LeftHandSpeedMaxima 0 1.77 1.26 0.15 0.58 0.59 

Z_1_MeanBallSpeed 0 2.13 1.52 0.40** 0.46 0.54 

Z_1_MeanBarAngle 0 1.66 1.18 -0.05 0.42 0.41 

Z_1_MeanLeftHandSpeed 0 2.16 1.54 0.39** 0.47 0.55 

Z_1_MeanMovementTime 1 1.73 1.24 -0.40** 0.56 0.67 

Z_1_MeanRightHandSpeed 0 2.09 1.49 0.43** 0.41 0.51 

Z_1_NormAbsoluteHandSpeedDiff 0 1.68 1.20 -0.22* 0.47 0.51 

Z_1_RightHandSpeedMaxima 0 1.67 1.19 -0.01 0.59 0.58 

Z_1_StdevBarAngle 0 2.04 1.46 -0.09 0.43 0.43 

Z_1_TargetsCompleted 0 1.78 1.27 0.48** 0.43 0.58 

Z_2_BarLengthVariability 0 1.76 1.26 -0.08 0.68 0.68 

Z_2_HandPathBias 0 1.82 1.30 0.16 0.32 0.34 
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Z_2_HandSpeedDiff 0 1.70 1.22 0.07 0.53 0.52 

Z_2_HandSpeedPeakBias 0 1.69 1.20 -0.07 0.64 0.64 

Z_2_LeftHandSpeedMaxima 0 1.25 0.89 -0.05 0.75 0.75 

Z_2_MeanBallSpeed 0 1.66 1.18 0.23* 0.61 0.64 

Z_2_MeanBarAngle 0 2.15 1.54 -0.12 0.39 0.39 

Z_2_MeanLeftHandSpeed 0 1.66 1.19 0.26* 0.59 0.63 

Z_2_MeanMovementTime 0 2.26 1.61 -0.42** 0.53 0.60 

Z_2_MeanRightHandSpeed 0 1.56 1.12 0.27* 0.56 0.62 

Z_2_NormAbsoluteHandSpeedDiff 0 1.77 1.27 -0.13 0.50 0.51 

Z_2_RightHandSpeedMaxima 0 1.40 1.00 -0.12 0.63 0.64 

Z_2_StdevBarAngle 2 1.85 1.32 -0.15 0.57 0.58 

Z_3_BarLengthVariability 0 2.14 1.53 -0.04 0.54 0.54 

Z_3_HandPathBias 0 2.18 1.56 0.05 0.61 0.61 

Z_3_HandSpeedDiff 0 1.61 1.15 -0.11 0.55 0.56 

Z_3_HandSpeedPeakBias 0 1.97 1.41 0.03 0.43 0.42 

Z_3_LeftHandSpeedMaxima 0 1.35 0.97 0.07 0.71 0.71 

Z_3_MeanBallSpeed 0 1.34 0.95 -0.21* 0.77 0.80 

Z_3_MeanBarAngle 2 1.87 1.33 0.07 0.05 0.04 

Z_3_MeanLeftHandSpeed 0 1.35 0.97 -0.06 0.80 0.80 

Z_3_MeanRightHandSpeed 0 1.38 0.98 -0.03 0.79 0.78 

Z_3_NormAbsoluteHandSpeedDiff 0 1.55 1.11 -0.06 0.64 0.64 

Z_3_RightHandSpeedMaxima 0 1.55 1.11 0.08 0.66 0.66 

Z_3_StdevBarAngle 0 1.96 1.40 -0.13 0.42 0.43 

Z_3_TargetsCompelted  0 1.37 0.98 0.29* 0.48 0.58 

Table 3.4: Ball on Bar task results (Levels 1-3). Note: *signifies statistical significance (p<0.05). 

**signifies statistical significance after Bonferroni correction. 

 

3) Object hit 

Table 3.5 displays the task performance for the Object hit task. In general, the primary 

observation is the higher than average percentage of task parameters with a significant learning 

effect, at 44% (7/16) in the object hit task. 1 participant was removed from a total of 16 

parameters analyzed. Significant change values, and assessment confidence intervals, ranged 

from 1.01-3.13 and 0.73-2.24, respectively. ICC parameter values for the Object hit task were 

moderate with 56% (9/16) less than 0.50, 38% (6/16) between 0.50 and 0.75, and 6% (1/16) 

greater than 0.75.   
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Parameter Participants 

removed  

Significant 

change  

Assessment 

confidence  

Mean 

learning 

effect 

ICC 

absolute 

ICC 

Consistency 

Z_TaskScore 0 1.97 1.41 -0.13 0.48 0.49 

Z_TotalHits 0 1.01 0.73 0.27* 0.80 0.86 

Z_HandSelectionOverlap 0 2.20 1.57 -0.30* 0.21 0.27 

Z_HandSpeedBias 0 1.78 1.27 -0.01 0.53 0.52 

Z_HandSpeedLeft 0 1.30 0.94 -0.08 0.66 0.67 

Z_HandSpeedRight 0 1.31 0.94 -0.08 0.72 0.72 

Z_HandTransition 0 2.22 1.58 0.12 0.47 0.47 

Z_HitsWithLeft 0 1.33 0.95 0.23* 0.69 0.74 

Z_HitsWithRight 0 1.31 0.93 0.20* 0.69 0.73 

Z_M_score 0 3.13 2.24 -0.02 0.05 0.04 

Z_MedianError 1 1.96 1.40 0.38** 0.35 0.45 

Z_MissBias 0 2.06 1.47 -0.05 0.32 0.32 

Z_MovementAreaBias 0 2.67 1.91 0.04 0.15 0.15 

Z_MovementAreaLeftHand 0 1.74 1.24 -0.18* 0.43 0.46 

Z_MovementAreaRightHand 0 1.74 1.24 -0.16* 0.52 0.54 

Z_HandBiasOfHits 0 1.77 1.27 -0.05 0.49 0.48 

Table 3.5: Object Hit task results. Note: *signifies statistical significance (p<0.05). **signifies 

statistical significance after Bonferroni correction. 

 

3.3 Cognitive-motor tasks  
 

1) Reverse visually guided reaching, dominant and non-dominant hands  

Tables 3.6 and 3.7 display the task performance in the RVGR task for subjects’ dominant and 

non-dominant hands, respectively. Twelve participant parameter values were removed from a 

total of 24 analyzed parameters (12 for each hand). Significant change values, and assessment 

confidence intervals, for participant’s dominant hand ranged from 1.34-2.46 and 0.96-1.76, 

respectively. Values for non-dominant hand assessment ranged from 1.38-2.51 and 0.99-1.79 for 

significant change and assessment confidence, respectively. RVGR had the most parameters, 

when compared to all other analyzed tasks, with significant learning effects. For participant’s 

dominant hand, 92% (11/12) of parameters had a significant learning effect, 83% (10/12) for 

non-dominant hand. ICC parameter values were moderate for dominant hand with 25% (3/12) 
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less than 0.50, 58% between 0.50 and 0.75, and 17% greater than 0.75. Similar results for non-

dominant hand with 25% (3/12) less than 0.50, 67% (8/12) between 0.50 and 0.75, and 8% 

(1/12) greater than 0.75. 

 

 

Parameter Participants 

removed 

Significant 

change 

Assessment 

confidence  

Mean 

learning 

effect 

ICC 

absolute 

ICC 

consistency 

Z_TaskScore 0 1.60 1.14 -0.56** 0.54 0.71 

Z_CorrectionTime 1 2.46 1.76 -0.24* 0.39 0.42 

Z_InitialDirectionAngle 1 2.34 1.67 -0.46** 0.63 0.69 

Z_InitialSpeedRatio 0 2.31 1.65 0.52** 0.41 0.53 

Z_M_score 0 1.42 1.01 -0.53** 0.59 0.78 

Z_MaxSpeed 1 1.34 0.96 0.32** 0.71 0.79 

Z_MinMaxSpeedDifference 0 1.42 1.01 -0.08 0.74 0.74 

Z_MovementTime 2 1.48 1.05 -0.51** 0.62 0.77 

Z_PathLengthRatio 1 2.31 1.65 -0.27* 0.80 0.81 

Z_PostureSpeed 0 1.81 1.29 -0.21* 0.58 0.61 

Z_ReactionTime 0 1.41 1.01 -0.28* 0.83 0.87 

Z_SpeedMaximaCount 0 1.96 1.41 -0.73** 0.46 0.69 

Table 3.6: RVGR task results, assessed on the participant’s dominant hand. Note: *signifies 

statistical significance (p<0.05). **signifies statistical significance after Bonferroni correction. 

 

 

Parameter Participants 

removed 

Significant 

change 

Assessment 

confidence  

Mean 

learning 

effect 

ICC 

absolute 

ICC 

consistency 

Z_TaskScore 0 1.90 1.35 -0.47** 0.57 0.67 

Z_CorrectionTime 1 2.35 1.68 -0.39** 0.56 0.62 

Z_InitialDirectionAngle 3 2.29 1.63 -0.32* 0.70 0.73 

Z_InitialSpeedRatio 0 1.99 1.42 0.45** 0.56 0.66 

Z_M_score 0 1.73 1.24 -0.38** 0.67 0.74 

Z_MaxSpeed 0 1.38 0.99 0.17* 0.89 0.90 

Z_MinMaxSpeedDifference 0 1.71 1.22 -0.13 0.58 0.59 

Z_MovementTime 0 1.74 1.24 -0.37** 0.64 0.71 

Z_PathLengthRatio 1 2.51 1.79 -0.27* 0.46 0.49 
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Z_PostureSpeed 0 2.45 1.75 -0.13 0.25 0.25 

Z_ReactionTime 0 1.80 1.28 -0.31* 0.74 0.78 

Z_SpeedMaximaCount 1 2.18 1.56 -0.58** 0.36 0.53 

Table 3.7: RVGR task results, assessed on the participant’s non-dominant hand. Note: *signifies 

statistical significance (p<0.05). **signifies statistical significance after Bonferroni correction. 

 

2) Object hit and avoid 

Table 3.8 displays the task performance for the Object hit and avoid task. Participant 

performance is similar to what was revealed in the Object hit task apart from the stark drop in 

parameters with significant learning effects. Only 9% (2/22) of Object hit parameters showed a 

significant learning effect. Significant change values, and assessment confidence intervals, 

ranged from 1.31-2.56 and 0.93-1.83, respectively. ICC parameter values for the Object hit and 

avoid task were on low end of moderate with 45% (10/22) less than 0.50, 55% (12/22) between 

0.50 and 0.75, and 0% (0/11) greater than 0.75.  

Parameter Participants 

removed 

Significant 

change  

Assessment 

confidence   

Mean 

learning 

effect 

ICC 

absolute 

ICC 

consistency 

Z_TaskScore 0 1.69 1.21 0.19* 0.62 0.64 

Z_DistractorHitsLeft 0 2.21 1.58 0.11 0.43 0.43 

Z_DistractorHitsRight 0 2.36 1.69 0.01 0.41 0.41 

Z_DistractorHitsTotal 0 2.00 1.43 0.09 0.51 0.51 

Z_DistractorProportion 0 2.09 1.49 0.08 0.52 0.52 

Z_HandBiasOfHits 0 2.14 1.53 0.03 0.32 0.32 

Z_HandSelectionOverlap 0 1.87 1.33 0.03 0.48 0.48 

Z_HandSpeedBias 0 2.08 1.49 0.07 0.35 0.35 

Z_HandSpeedLeft 0 1.31 0.93 -0.13* 0.73 0.74 

Z_HandSpeedRight 0 1.43 1.02 -0.08 0.72 0.72 

Z_HandTransition 0 2.34 1.67 0.10 0.36 0.36 

Z_HitsWithLeft 0 1.65 1.19 0.01 0.65 0.65 

Z_HitsWithRight 0 1.80 1.29 0.06 0.52 0.52 

Z_M_score 0 2.56 1.83 0.00 0.21 0.20 

Z_MedianError 0 2.32 1.65 -0.08 0.24 0.24 

Z_MissBias 0 2.54 1.82 0.01 0.24 0.23 

Z_MovementAreaBias 0 2.14 1.53 -0.04 0.23 0.23 
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Z_MovementAreaLeftHand 0 1.63 1.16 -0.02 0.58 0.57 

Z_MovementAreaRightHand 0 1.49 1.06 -0.03 0.71 0.71 

Z_ObjectProcessingRate 0 1.61 1.15 0.01 0.63 0.62 

Z_ObjectsHit 0 1.89 1.35 0.12 0.64 0.65 

Z_TotalHits 0 1.44 1.03 0.06 0.75 0.75 

Table 3.8: Object Hit and Avoid task results. Note: *signifies statistical significance 

(p<0.05). **signifies statistical significance after Bonferroni correction. 

3.4 Cognitive tasks  
 

1) Trail making  

Table 3.9 displays the task performance for the Trail making task, including both A and B 

task configurations. 0 participant parameter values were removed from a total of 5 analyzed 

parameters. Significant change values, and confidence intervals, ranged from 1.01-2.31 and 0.75-

1.65, respectively. 60% (3/5) of parameters had a significant learning effect. ICC values were 

moderate with 20% (1/5) less than 0.50, and 80% (4/5) between 0.50 and 0.75.  

Parameter  Participant 

removed 

Significant 

change  

Assessment 

confidence  

Mean 

learning 

effect 

ICC 

absolute 

ICC 

consistency 

Z_TaskScore 0 1.03 0.74   -0.17** 0.72 0.75 

Z_DwellTime 0 1.01 0.72 -0.24** 0.66 0.75 

Z_M_score 0 1.40 1.00 0.05 0.63 0.63 

Z_TestTime 0 1.10 0.79 -0.20** 0.63 0.69 

Z_TimeRatio 0 2.31 1.65 -0.19 0.05 0.07 

Table 3.9: Trail making task results (variations A and B). Note: *signifies statistical significance 

(p<0.05). **signifies statistical significance after Bonferroni correction. 

 

 

2) Spatial span 

Table 3.10 displays the task performance for the Spatial Span task. 1 participant parameter 

value was removed from a total of 6 analyzed parameters. Significant change values, and 

assessment confidence intervals, were quite narrow ranging from 1.65-1.91 and 1.18-1.36, 
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respectively. 83% (5/6) of task parameter had a significant learning effect. ICC values were 

relatively consistent across all task parameters with 100% (6/6) between 0.50 and 0.75.  

Parameter  Participants 

removed 

Significant 

change 

Assessment 

confidence  

Mean 

learning 

effect 

ICC 

absolute 

ICC 

consistency 

Z_TaskScore 0 1.76 1.26   -0.28** 0.50 0.55 

Z_M_score 0 1.76 1.26 -0.28** 0.51 0.56 

Z_MeanScore 0 1.72 1.23 0.27** 0.51 0.56 

Z_TestTime 1 1.91 1.36 0.09 0.73 0.73 

Z_TimePerTarget 0 1.65 1.18 -0.22* 0.62 0.66 

Z_TotalScore 0 1.72 1.23 0.27** 0.51 0.56 

Table 3.10: Spatial Span task results. Note: *signifies statistical significance (p<0.05). 

**signifies statistical significance after Bonferroni correction. 

 

3.5 Sensory task 
 

1) Position matching, dominant and non-dominant hands 

Tables 3.11 and 3.12 display the task performance Position matching task for participant’s 

dominant and non-dominant hands, respectively. 10 participant parameter values were removed 

from a total of 28 analyzed parameters (14 each hand). Significant change values, and 

assessment confidence intervals, for participant’s dominant hand ranged from 1.57-2.69 and 

1.12-1.92, respectively. Values for non-dominant hand ranged from 1.33-2.40 and 1.03-1.72 for 

significant change and assessment confidence, respectively. Position matching, for both 

dominant and non-dominant hands, had 0% (0/28) of parameters with a significant learning 

effect. ICC parameter values were low for dominant hand, relative to the other KINARM tasks, 

with 93% (13/14) less than 0.50, 7% (1/14) between 0.50 and 0.75, and 0% (0/14) greater than 

0.75. Similar results for non-dominant hand with 86% (12/14) less than 0.50, 14% (2/14) 

between 0.50 and 0.75, and 0% (0/14) greater than 0.75.  
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Parameter Participants 

removed 

Significant 

change 

Assessment 

confidence  

Mean 

learning 

effect 

ICC 

absolute 

ICC 

consistency 

Z_TaskScore 1 2.12 1.51   0.00 0.35 0.35 

Z_AbsErrorX_m_ 2 2.69 1.92 -0.06 0.38 0.37 

Z_AbsErrorXY_m_ 0 2.34 1.67 0.01 0.32 0.31 

Z_AbsErrorY_m_ 2 2.22 1.59 0.11 0.27 0.27 

Z_Contraction_expansionRatioX 0 1.88 1.34 0.12 0.48 0.49 

Z_Contraction_expansionRatioXY 0 1.60 1.14 0.10 0.60 0.61 

Z_Contraction_expansionRatioY 0 1.70 1.21 0.00 0.48 0.47 

Z_M_score 1 2.13 1.52 0.01 0.40 0.39 

Z_ShiftX_m_ 0 1.57 1.12 -0.02 0.38 0.38 

Z_ShiftXY_m_ 0 2.35 1.68 -0.06 0.04 0.04 

Z_ShiftY_m_ 0 1.67 1.19 0.07 0.28 0.27 

Z_VariabilityX_m_ 1 2.29 1.63 0.02 0.42 0.41 

Z_VariabilityXY_m_ 1 2.17 1.55 0.00 0.48 0.47 

Z_VariabilityY_m_ 0 2.32 1.65 -0.13 0.30 0.30 

Table 3.11: Position Matching task results, assessed on the participant’s dominant hand. Note: 

*signifies statistical significance (p<0.05). **signifies statistical significance after Bonferroni 

correction. 

 

Parameter Participants 

removed 

Significant 

change 

Assessment 

confidence  

Mean 

learning 

effect 

ICC 

absolute 

ICC 

consistency 

Z_TaskScore 0 1.72 1.23   0.02 0.38 0.37 

Z_AbsErrorX_m_ 2 2.29 1.63 0.14 0.31 0.31 

Z_AbsErrorXY_m_ 0 1.86 1.33 0.11 0.26 0.27 

Z_AbsErrorY_m_ 0 1.97 1.41 -0.04 0.39 0.39 

Z_Contraction_expansionRatioX 0 1.63 1.17 -0.04 0.50 0.50 

Z_Contraction_expansionRatioXY 0 1.73 1.23 -0.04 0.46 0.45 

Z_Contraction_expansionRatioY 0 2.02 1.44 -0.03 0.48 0.47 

Z_M_score 0 1.71 1.22 0.08 0.40 0.40 

Z_ShiftX_m_ 0 1.65 1.18 -0.07 0.44 0.44 

Z_ShiftXY_m_ 0 2.03 1.45 0.18 0.15 0.17 

Z_ShiftY_m_ 0 1.44 1.03 0.00 0.58 0.57 

Z_VariabilityX_m_ 0 2.23 1.59 -0.13 0.31 0.32 

Z_VariabilityXY_m_ 0 2.18 1.56 -0.13 0.36 0.36 

Z_VariabilityY_m_ 0 2.40 1.72 -0.08 0.34 0.34 

Table 3.12: Position Matching task results, assessed on the participant’s non-dominant hand. 

Note: *signifies statistical significance (p<0.05). **signifies statistical significance after 

Bonferroni correction. 
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3.6 TaskScores 
 

 Figures 3.1, 3.2, and 3.3 display the TaskScore parameter performance with respect to 

Bland-Altman plots, CUSUMs, and Scatter plots, respectively. 1 Participant parameter value was 

removed from a total of 11 analyzed TaskScores. Significant change values, and assessment 

confidence intervals, ranged from 1.03-2.36 and 0.74-1.68, respectively. 55% of TaskScores 

(6/11) had a significant learning effect. These learning effects were primarily found within the 

cognitive and motor-cognitive tasks (i.e. RVGR, OHA, TM, and SS). ICC values were moderate 

with 45% (5/11) less than 0.50, and 55% (6/11) between 0.50 and 0.75. Similar to the findings in 

TaskScore learning effects, the majority of higher ICC values were found in cognitive and 

motor-cognitive tasks.  
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Figure 3.1: Bland-Altman plots for KINARM TaskScores. Values depicted on each axis were derived from participant’s first and 

second assessment (open markers). Horizontal lines represent the significant change cut-off values (blue dashed line). The solid black 

horizontal line denotes no difference between assessments (line of equality).  The thin horizontal black line represent the mean 

learning effect for each task.  
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Figure 3.2: CUSUM plots for KINARM TaskScores. Values depicted on each axis were derived from participant’s first and second 

assessment (solid blue and red lines). The solid red curve represents the confidence interval and the solid blue line represents 

significant change. The dashed vertical lines represent the 95% limits of agreement (confidence interval, red line; significant change, 

blue line). The thin vertical black line represents no difference between participant assessment scores (line of equality).  
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Figure 3.3: Assessment Scatter plots for KINARM TaskScores. Values depicted on each axis were derived from participant’s first and 

second assessment (open markers). The thin black lines (horizontal and vertical) represent TaskScores of 0 for first and second 

assessments, respectively. The solid blue line represents the line of symmetry between assessment (X=Y). 
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3.7 Population Interval vs. Confidence Interval  
 

 As discussed previously, the population interval for participants performing any 

KINARM task is ±1.96. The average confidence interval, calculated by consolidating all 

parameter confidence intervals across all KINARM tasks, was calculated at ±1.33, significantly 

smaller than the population interval (p <0.05). This supports the hypothesis that the confidence 

intervals are significantly smaller than the population interval. Figure 3.4 below displays the 

visual representation of the population interval and the overall confidence interval for all 

parameters. 
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Figure 3.4: Population interval vs. parameter confidence intervals. The values depicted on the x-axis were derived from the 

participant’s first and second assessments (filled blue bars). The solid vertical black lines separate tasks, including the separation 

between dominant and non-dominant hands for tasks that assess each arm. The large white spacing separates task groupings (Motor, 

Cognitive-Motor, etc.). The solid horizontal red line represents the population interval. 
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Section 4 Discussion 

The purpose of the present thesis is to utilize statistical metrics to define values of 

statistically significant change, and assessment confidence intervals for each task within the 

KINARM standard tests. Defining these statistical metrics provides a greater understanding of 

the precision of each task within the KINARM standard tests. The primary findings of this thesis 

showed that 99% of parameter confidence intervals were less than that of the population interval. 

Furthermore, TaskScore confidence intervals ranged from 0.74 to 1.68, while the corresponding 

significant change cut off values ranged from 1.03 to 2.36, across all tasks within the KINARM 

standard tests. The resulting tables can be utilized in a multitude of applications and provide 

clinicians, as well as other researchers, the framework for interpreting participant performance 

and change in performance across assessments.  

4.1 Limitations 
 

Many participants were evaluated, both first and second assessment, within the same day. 

However, some were not and though their evaluation dates were close together, (less than one 

week) the time of day for each evaluation was different for some subjects, morning versus 

afternoon. A consideration for these subjects, and potentially a limitation of the evaluation 

procedure for this study, is the effect that the time of day has on performance.  

A study analyzed the intellectual performance of adolescence between day and afternoon 

times within the context of an average school day (Goldstein et al., 2007). They computed a 6 

point difference in IQ estimates between the two test times. This performance difference was 

noted between each time of day relative to the participant’s individual preference, with the 
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majority of participants scoring higher in the afternoon compared to the morning. A separate 

review examined the effect of circadian rhythms on athletic performance (Cappaert, 1999). 

These rhythms are a key factor in determining the sleeping and feeding patterns of all animals. 

The study concluded in a probable time of day effect within many athletic measures, including 

various strength metrics, anaerobic power, body temperature, and exercise response. The review 

utilized a study assessing swimming performance for 100m and 400m sprints, measured at 5 

separate times throughout the day (Baxter et al., 1983). The study found that optimal 

performance was achieved most regularly in the afternoon/evening, measure a 3.5% 

improvement on the 100m and a 2.5% improvement on the 400m. A similar review analyzing the 

effect of circadian rhythms on intellectual performance concluded in comparable time of day 

effects, but also extended the potential factors of performance (Hines, 2004). This included day-

to-day performance effects with respect to individual’s nutrition, as well as the length and quality 

of sleep.  

Thus, a portion of the variance found within participant’s who completed their 

assessments on separate days be the result of these time of day effects? For participant’s who 

completed one assessment in the morning and the other in the afternoon their individual variance 

could very well be lower than what we calculated. Alternatively, completing 2 full assessments 

of the KINARM standard tests, within the same session, can require upwards of 2 hours of 

constant mental focus. As a result, mental fatigue can could hinder an optimal evaluation of 

participant performance (Marcora et al., 2009). However, participants were allowed to take 

breaks at any time during the assessments. As well, physical fatigue is unlikely as the 

exoskeleton KINARM robot provides weight support.  Participants with stroke commonly 
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complete a full assessment using all the KINARM standard tests without problems with fatigue, 

except for the most severely impaired individuals.  

 Another potential limitation relates to the population of this study being comprised of 

only healthy subjects. An important question is whether clinical populations differ from healthy 

participants with respect to confidence intervals and significant change cut-off values. A 

potential future extension to this study would be to run the same procedure on a specified clinical 

population, then compare the calculated values to what we presented in this study. Unfortunately, 

this could also create some complications in interpretation. If the study was extended to a clinical 

population, and it was determined that the population differed significantly from the healthy 

population, what would be to optimal solution? This poses a major challenge for additional 

clinical populations utilizing the KINARM (as well as future projects), potentially requiring a re-

calculation of the statistical metrics. Perhaps if this was the case we could use the clinical 

population values to provide an additional estimate of variability for potentially impaired 

subjects.  

 Finally, some tasks exhibit an extensive learning effect, most notably the RVGR task, 

which can hinder any potential analysis on the parameter data. 90% of task parameters for the 

RVGR task showed significant learning, across both participants’ dominant and non-dominant 

hands. As a result, the accuracy of values for parameter confidence and significant change may 

be less than that of the remaining tasks within the KINARM standard tests.  

4.2 Interpretation 
 

Suppose a participant completed the Object Hit task and received a 3.2 for the TotalHits 

parameter (Z-Score), then returned 2 months later and completed the task again, but this time 
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received a 2.0 for the TotalHits parameter.  Given that the cutoff value for defining statistically 

significant change for the TotalHits parameter is 1.01, we can say that this participant improved 

significantly, with a confidence of at least 95% in that statement. Ultimately, the values we 

calculated enable us to state if a participant changed significantly between assessments. They 

also allow us to interpret where a participant could score using the assessment confidence 

intervals. Suppose our participant was only assessed the first time on the Object Task, receiving 

their score of 3.2 for the TotalHits parameter. The assessment confidence interval for the 

TotalHits parameter is 0.73, therefore based on their single assessment of the Object Hit task we 

can say their score, as a range, exists between 2.47 and 3.93.  

As we’ve discussed previously, the healthy control range for Z-Score parameters is 

defined between -1.96 and +1.96. If a participant were to receive a 2.0 in a given parameter, we 

know from our assessment confidence intervals that this score exists within a distribution of 

values, in which the participant could score. However, this creates an inevitable issue regarding 

the classification of healthy performance. The participant who scored a 2.0 would technically be 

defined as performing outside the range of healthy subjects. However, when we take into 

consideration the range in which this participant could score, we find it’s entirely possible that 

they could be within healthy performance if assessed multiple times. Correspondingly, a 

participant with a score of 1.8 may, on average, have a score of 2.1, on average, and thus is 

defined as impaired. As a result, there exists a “region of uncertainty” around the defined 

percentile for impairment. Ultimately, when a participant’s parameter score overlaps the healthy 

performance cutoffs, from the perspective of our confidence interval, caution must be applied 

when interpreting the participant’s performance.  
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Confidence intervals, with respect to magnitude, varied heavily across tasks as well as 

between parameters within the same task. As we saw in the TaskScore results, the VGR task 

showed values approaching the population range, defined between -1.96 and +1.96, with 1.63 

and 1.68 for participant’s dominant and non-dominant hands, respectively. However, the 

majority of TaskScores weren’t near the population range, averaging around 1.20.  

 The Reverse Visually Guided Reaching task presents an interesting observation with 

regard to the relatively large learning effects shown within the TaskScore, as well as for most of 

the task parameters. The RVGR TaskScore had a learning effect of -0.56 and -0.47 for dominant 

and non-dominant arms, respectively (both statistically significant) for the participant’s dominant 

and non-dominant hands, respectively. When compared to the other KINARM tasks, the next 

highest learning effect, with respect to TaskScores, was Spatial Span at -0.28 (statistically 

significant). We also observe that 88% of all RVGR task parameters, for both dominant and non-

dominant hands, had a significant learning effect. It appears that participants who are evaluated 

on the task require a few trials to inhibit responding to move the hand toward the visual target the 

first time they perform the task. On the second assessment, this inhibitory response appears to 

occur more quickly improving overall performance. Further analysis is warranted to mitigate this 

influence on task parameters. A possible solution would be to have an initial practice mode, in 

which the participant would complete a specified number RVGR trials but none would be 

evaluated for parameter calculations. Alternatively, estimates of performance for the second 

performance could be based on participant performance based only on trials in the second half of 

the initial assessment.  

The results of this study can be compared, with regard to ICC and learning effect 

calculations, to external studies which utilized a similar data collection procedure. A recent study 
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from Calgary analyzed the test-retest reliability of VGR, OH, OHA, PM, and TMB on the 

KINARM end-point robot with a cohort of young adult athletes (Mang et al., 2018). The study 

assessed each participant 3 times within a single sports season, as well as an additional group 

that was assessed annually for 3 years, each at the start of their respective sports seasons. The 

study, for the within season assessed population, revealed that 32% of parameters had ICC 

values (ICC consistency model) less than 0.50, 38% of parameters between 0.50 and 0.75, and 

30% of parameters greater than or equal to 0.75. The current study generally found lower ICC 

values with 42% of parameters with an ICC less than 0.50, 48% of parameters between 0.50 and 

0.75, and 10% greater than or equal to 0.75.  

The slight difference in the calculated ICC values, primarily in the parameters with high 

ICC, could be the result of a few important differences in collection and analysis procedures. 

First, the study did not evaluate participants on all tasks within the KINARM standard tests, 

omitting RVGR, Ball on Bar, and Spatial Span. Additionally, within the tasks utilized, not all 

tasks parameters were analyzed. For example, the majority of Position Matching parameters 

were excluded from their calculations, many of which we found to have lower ICC values. 

Finally, the within season group had an average time between assessments of 47.8 days, which 

extends far beyond the maximum limit we set between repeat assessments of 7 days, possibly 

resulting in differing correlations between assessments. An interesting comparison can be 

observed when analyzing the ICC values for the Total Hits parameter in OH. The study found 

the parameter to have an ICC of 0.83 and we found a similar correlation at 0.86. This indicating 

a strong correlation for overall performance based on the goal of the task. However, we found a 

generally moderate correlation on the OH TaskScore (0.49), indicating that the measure is being 

heavily impacted by many of the non-goal related parameters.  
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 Another study, again conducted in Calgary, assessed pediatric hockey players to measure 

the test-retest reliability of the KINARM robot (Little et al., 2015). The study assessed each 

participant a total of 3 times, twice in the initial session (one after another) and then once more a 

week later. The results of the study showed 25% of parameters had an ICC value less than 0.50, 

49% of parameters between 0.50 and 0.75, and 26% greater than or equal to 0.75, for the 2 

assessments conducted in the first session. The ICC values between assessment 2 and 3 (1 week 

apart) showed 27% of parameters less than 0.50, 37% between 0.50 and 0.75, and 36% greater 

than or equal to 0.75.  

Similar to the previously discussed study, the variability of ICC values between these 

results and what we presented, especially in those reported greater than 0.75, could be a result of 

a few key difference in procedures. The most prominent being the robot used, with the study 

assessing participants on the EP KINARM robot while we used the exoskeleton KINARM robot. 

As we discussed previously, regarding the difference between these two devices, the exoskeleton 

is uniquely adjusted to the participant before each assessment. This enables a more accurate 

recording of participant performance, but may hinder precision between repeat assessments. This 

could be the result of small, but impactful, exoskeleton adjustment differences when separate 

operators setup the same participant for evaluation. The EP robot does not require these 

adjustments and thus may result in higher ICC values for task parameters for the EP robot as 

compared to those from the exoskeleton robot.   

4.3 Future Directions 
 

The present data on the precision of various measures of performance in a number of 

robot-based behavioural tasks provides a foundation for addressing several other issues related to 
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robot-based assessment. Notable, is the problem of minimizing the time necessary to assess a 

patient.  The initial setup time, primarily used to configure the KINARM exoskeleton chair to the 

subject, is 10 to 15 minutes. Each KINARM task requires between 3 and 6 minutes to complete, 

plus an additional 1 minute per task for an overview and explanation. Thus, for the present suite 

of 9 KINARM tasks, it takes just about an hour. However, many new tasks are being developed 

each year, some of which require upwards of 9 minutes to complete so that completion of all 

behavioural tasks will soon take 1.5 hours. 

The main concern with an increase in assessment time is fatigue, both mental and 

physical. Although healthy controls can easily continue to perform behavioural tasks greater than 

an hour in length. For example, our basic research projects commonly require participants to 

perform behavioural tasks almost continuously for 1.5 hours.  However, many neurological 

injuries and disease leave participants can be easily fatigued. For example, acute stroke 

participants can be easily fatigued greatly limiting their ability to work for long periods of time 

(Ingles et al., 1999). Fatigue is also a common challenge in Multiple sclerosis (Krupp et al., 

1988). The presence of fatigue can manifest in a degradation of participant performance 

(Biernaskie et al., 2004). 

One strategy is to identify whether all tasks need to be assessed for a given individual. 

For example, if participants pass task A, then they likely to always also pass task B.  In this case, 

it may not be necessary to complete task B. This issue was addressed by a study that formulated 

a task selection hierarchy for the KINARM standard tests (Mostafavi, 2016). The study utilized a 

set of stages, incorporating tools such as Fast Orthogonal Search and Ordering Theory, to create 

a task assessment order that implies some tasks may be skipped based on the participants 

performance in prerequisite tasks. For example, based on these task dependencies the study 
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revealed that if a participant passed the Object Hit and Avoid task they can skip the Object Hit 

task. Moreover, if a stroke participant passed Visually Guided Reaching on their affected arm 

they can skip the task assessment on their unaffected arm.  

 Another strategy is to identify whether the length of existing tasks can be reduced without 

a substantial loss of data quality. A previous study examined this issue by observing how 

reducing the number of trials impacted measures of participant performance. (Mostafavi, 2016). 

They focused on the VGR and Position Matching tasks as these tasks are trial based, so that 

measures of performance could be calculated both for all trials and also for when removing n 

trials per target. The trials at the end of the task were sequentially dropped in order to mimic the 

fact that reducing the number of trials in a task would necessarily remove the last trials collected 

for a subject. The Relative Standard Error was quantified to express the difference in 

performance as compared to the participant’s complete performance (8 trials per target, no 

dropped trials). For healthy controls, the study determined a relative error of 3.2% if 7 trials were 

collected and 9.6% if only 1 trial was collected for the VGR task.  

 The main concern with this approach is that these error calculations are based on the 

initial assessment of the participant which in itself has a measure of uncertainty. From the study 

we conducted here, it’s known that the evaluation results, in the form of parameter scores, exists 

within a distribution for each subject. Therefore, basing a trial reduction strategy on a single 

assessment may not capture the degree in which dropping trials truly affects accuracy, in the 

form of relative standard error.  

An alternate approach is to base the reduction of trials based on the known precision of 

the task parameters. For example, if the confidence interval of a task parameter was 1.0, then one 

could identify the number of trials that could be dropped so that the confidence interval did not 
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increase by 20%. Further, if the objective of an assessment is to simply identify if an individual 

is impaired or not in a task, the task could be stopped the moment that the task performance fell 

above or below the line of impairment based on the calculated score of the participant and the 

confidence interval associated with the number of trials completed.  This approach would, of 

course, require task parameters to be calculated as the participant performs the task. 

Alternatively, a simple decision may be that tasks can only be reduced in length if the confidence 

interval of key task parameters does not go above some threshold, such as 1.5. Thus, confidence 

interval provides an objective foundation for making many continued improvements in the 

performance and capabilities of robot-based assessment. 

 

 

4.4 Conclusion 
 

 In this study, we presented a framework for quantifying the precision of the KINARM 

Standard Tests, comprised of eight unique tasks which assess motor, motor-cognitive, cognitive, 

and sensory performance. Through quantifying task precision, we were able to define two main 

statistical metrics. First, participant assessment confidence intervals. These values, defined for 

each task parameter, provide the range in which a participant could score relative to an initial 

assessment. Second, significant change cut-off values. These values, also defined for each task 

parameter, provide the difference in participant score, over repeat assessments, that’s is 

necessary to define statistically significant changes. Additionally, learning effects and correlation 

values, in the form of ICC, were defined for each task parameter.  
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Task performance for each participant was presented in the form of transformed Z-

Scores. These values provide an intrinsic interval for healthy participant performance in any 

given parameter. We defined this as the population interval (±1.96), signifying the upper bound 

for any calculated assessment confidence interval. We consolidated the assessment confidence 

intervals across each task, resulting in an average parameter confidence interval of ±1.33. The 

resulting value supported our initial hypothesis that the assessment confidence intervals would be 

less than that of the population interval. Participant TaskScores, with respect to assessment 

confidence, were similar to the global value with an average of ±1.29.  

Significant learning effects were found in RVGR, OHA, TM, SS, and BOB which 

indicates that cognitive based tasks have a much higher propensity for learning across repeat 

assessments, with respect to the global performance parameter. Furthermore, these tasks also 

have higher correlation values (4/5 cognitive tasks >0.6), suggesting that performance changes in 

participant scores was similar across the cohort.   

Participant performance for the one sensory task, PM, displayed values outside the 

average of the other KINARM tasks. The confidence interval across all PM parameters was 1.48 

and 1.37 for participant’s dominant and non-dominant hands, respectively. In contrast, the motor 

and cognitive confidence intervals were lower with some below the average, such as Object Hit 

which had an average confidence interval of ±1.31 over all parameters. We also found no 

learning effects in any PM parameter, as well as relatively low correlation with 93% and 86% of 

parameters <0.5 for dominant and non-dominant hands, respectively. The most reasonable 

explanation for this observation is the nature of the evaluation procedure for the task itself. The 

majority of parameters, for the PM task specifically, are calculated based on the adjusted settings 

of the KINARM exoskeleton. This can result in varying assessment scores, given that each 
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evaluation was conducted by different operators and the participant was re-adjusted prior to each 

assessment.   

 Finally, quantifying the precision of the KINARM Standard Tests, and defining the 

associated statistical metrics, provide a greater interpretation of participant scores. This will 

enable a more in depth analysis of participant performance for many studies. The defined values 

also provides the framework for many future and current projects relating to optimizing 

participant assessment for the KINARM.  
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