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Blood tests now provide a wealth of information on the
function of many organs, genetic testing can predict some
diseases, and imaging techniques provide detailed quantitative information on the anatomical structure of the
body. Substantial changes have also occurred in the treatment of disease. These include advances in pharmacological interventions and biomedical devices such as cardiac
pacemakers, prosthetic limbs, and cochlear implants to
ameliorate the effects of dysfunction. These advances
reflect the transfer of knowledge and increased use of
technology from basic research to clinical practice.
Not all fields of medicine have been equally influenced by technology. With the exception of advances in
structural and functional imaging, neurological assessment is still largely based on a clinician’s perceptual
decisions when monitoring the behavioral performance
of the patient, such as testing the briskness of the muscle
stretch reflex with a hammer tap or observing the range
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INTRODUCTION
Over the last 100 years, radical changes have
occurred in the assessment and treatment of disease.
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of motion and movement of a joint. This reliance on subjective assessment tools reflects the keen ability of the
human perceptual system to observe even subtle differences between normal and abnormal behavior and the
difficulty to develop technologies to replicate this ability of
human observation. Although assessment tools have evolved
to quantify sensory, motor, and cognitive deficits using
clinician-based measurement systems, these approaches
remain inherently subjective.
Correspondingly, rehabilitation approaches for neurological disorders such as for stroke or traumatic brain
injury remain largely based on one-on-one interactions
between patient and therapist. Rehabilitation approaches
vary widely across practitioners with little evidence to
support why one approach is better than another [1–3].
The result is a vicious circle between neurological
assessment and neurorehabilitation: the lack of sensitive
tools to quantify dysfunction makes demonstrating the
effectiveness of novel therapeutic approaches difficult,
and limited improvement by existing treatments as measured by current assessments implies no need for better
assessment tools.
Our purpose with this review is to suggest that the
time may be right for a profound change in neurological
assessment and neurorehabilitation, particularly related
to stroke and traumatic brain injury. Our hypothesis is
that robotic technologies can provide a radically new and
effective approach to clinical assessment of brain function and rehabilitation. This approach also takes advantage of advances in our understanding of brain function
to develop a range of behavioral tasks to assess the various brain circuits that support sensory, motor, and cognitive function. As well, it highlights how these same
technologies can be used for rehabilitation in subjects
following stroke.
Over the last 40 years, our understanding of how the
brain supports sensory, motor, and cognitive function has
substantially increased [4–5]. Behavioral studies on
humans have identified how we use sensory input to the
brain to perceive the world around us, make decisions,
and guide our highly skilled and flexible motor actions.
Anatomical tracing techniques highlight the anatomical
connectivity among different brain regions. Neurophysiological studies in awake, behaving animals have uncovered how neural activity in various brain regions
correlates with various sensory, motor, and cognitive
functions. In turn, clinical research on various patient
groups have highlighted how damage in even small por-

tions of the brain can have a profound impact on brain
processing.
The culmination of these studies forms several basic
principles about brain function. First, sensory and motor
systems work together to permit us to move and interact
in the environment and create our perception of the
world. Our perception is generated by the integration of
the various sensory modalities and is heavily influenced
by prediction and previous experience [6–7]. Our motor
system is highly adaptable [5,8], permitting us to perform
a broad range of motor skills, including tool use. We can
flexibly hold a pen to write a letter or use both hands
cooperatively to open a jar. Additionally, we have a range
of capabilities broadly defined as cognition that help us
interpret the world, generate abstract reasoning, and decide
how we should move and interact in the environment.
Second, a given function is supported by a highly
distributed network in the brain. A relatively simple task
such as visually guided reaching requires many cortical
and subcortical regions of the brain to identify, initiate,
and correctly move the hand to a spatial goal [5,9]. Further, a given region of the brain plays a unique yet overlapping role for a given behavior. Neurons in several
parietal and frontal motor regions are active during the
execution of a reaching movement. However, the activity
reflects different aspects of the task with posterior parietal and premotor motor regions activity correlated to
more spatial aspects of the task, and primary motor cortex activity correlated to more motor aspects of the task
such as limb geometry and muscle forces [10].
Third, the ability to perform sensory, motor, and cognitive functions requires substantial learning so that brain
processing is highly plastic and altered by experience
[11–13]. Different regions of the brain use different
forms of learning [14]. Injury to the brain alters its normal processing, for which the brain can completely or
partially compensate through adaptation and learning
processes. However, in some cases, these changes can be
maladaptive, such as spasticity [15] or neuropathic pain
syndromes [16] following stroke.
Our improved understanding of how the brain supports sensory, motor, and cognitive functions is directly
linked to the use of advanced technologies to quantify
brain signals, control sensory input to the brain, and monitor and modify body movement. Brain activity such as
electroencephalography or functional magnetic resonance
imaging (MRI) can be used to quantify brain processing.
As well, computer monitors and virtual or augmented
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reality systems are commonly used to control visual stimuli for perceptual or motor tasks. Finally, body movement
is quantified using a host of devices including robots,
motion-tracking systems, and eye-tracking technologies.
This improved understanding of brain function also
reflects substantial advances in theoretical and computational approaches for interpreting brain function. Bayesian inference and economic theories provide formal
computational frameworks for understanding perceptual
and cognitive decision making [7,17–18], and optimal
control theory illuminates the flexible nature of the voluntary motor system shaped by evolution and learning
[19–20]. Admittedly, we are far from a final description
on the complexities of brain processing. However, basic
research provides a wealth of concepts and technologies
that can be used to interpret brain dysfunction [21], but,
as described in the following, have yet to adequately affect
clinical assessment and rehabilitation related to the brain.

CLINICAL ASSESSMENT OF STROKE
Traditional Approaches
Clinical assessment of stroke has classically aimed at
measuring either neurological impairment or disability.
Impairment generally denotes how a particular function
of the brain has been altered (e.g., ability to see), whereas
disability denotes the ability of someone to perform
activities of daily living (ADLs) (e.g., grooming). Although
ADLs are of major importance for understanding how an
individual can cope in the world following stroke, identifying that someone cannot perform an ADL tells us little
about why they cannot perform it. Ideally, the goal of
rehabilitation is to reestablish brain function, and thus it
is essential to identify the neurological impairments to
meet this objective.
Many different brain functions can be assessed, of
course. Some measures of motor function were initially
designed for lower motor neuron disorders, such as the
Medical Research Council (MRC) Scale for Motor
Power [22], and do not account for the various synergy
patterns that are observed in patients with stroke. Assessment of strength is relatively crude, with the vast majority of patients who exhibit weakness (~96%) being grade 4
of 5 [23]. Assessment tools have been developed specifically for quantifying the effects of stroke such as the
Chedoke-McMaster Stroke Assessment (Chedoke Assessment) [24] and the Fugl-Meyer (FM) test [25]. In many

respects, these scales often mix measurement of impairment (i.e., ability to raise the arm) and disability (i.e.,
pouring water into a glass).
Although many stroke rehabilitation assessment protocols are “standardized and validated,” most rely on an
examiner, typically the treating clinician, to make judgments regarding the patient’s performance (e.g., Chedoke
Assessment [24,26], Functional Independence Measure
[FIM] [27], FM [25]). The observer typically scores the
patient’s performance on an ordinal or ordered categorical scale (e.g., MRC Scale for Motor Power [scored 1–5])
[22] and determining if a patient is actually improving on
the ordinal scale can be difficult. Additionally, these
scales are deemed “reliable” because they offer the user
so few options (numbers) to choose from. This introduces
potential observer bias and results in tools that are not
sensitive to subtle but clinically important functional
changes.
Further, many of the tools currently used have documented problems with floor or ceiling effects (e.g., FM [25])
and rely on criteria rather than normal value reference
standards (e.g., Chedoke Assessment, FIM, FM). Lastly,
many assessments can take a long time to complete (e.g.,
Behavioral Inattention Test [28]). In our experience, this
leads clinicians to either delay the delivery of treatment
in favor of a lengthy assessment (in some cases as long as
5 days), despite evidence on the timing and importance of
early rehabilitation treatment [29–33], or abandon assessment altogether.
Some research-oriented tools, such as the Wolf
Motor Function Test, use a time-based score, requiring
patients to perform a number of basic motor actions [34].
This alleviates the coarseness in the rating system and the
ceiling effects, but the test does not allow for explanation
of why a patient may have needed more time.
Most of the assessment tools just described above are
weighted toward exploring motor impairments and function. Proprioception is defined as the perception of position, motion, and force generated by the body based on
sensory information from muscle spindles, Golgi tendon
organs, joint and cutaneous receptors, and efference copy
of motor commands [35–37]. Sherrington proposed that
proprioception was made up of two subcomponents—
position sense and kinesthesia [38]. Position sense is a
person’s awareness of the relative position of body
segments [38]. Kinesthesia is the sense that a body part
has moved [38].
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Clinicians commonly assess position sense based on
the ability of a patient to accurately discriminate the
upward or downward position of a finger and/or toe [39].
Occasionally, more proximal single joints may also be
tested in this manner [40]. Some clinicians use the
thumb-localizing test [41]. Reports indicate that approximately one-third to one-half of patients with stroke have
impaired position sense [42–43]. While position sense is
only one component of proprioception, its importance is
highlighted by reports that intact position sense following
stroke strongly correlates with motor recovery of the
hemiplegic arm [44–48] and predicts the extent of longterm motor recovery [45].
Assessment of sensation related to mechanosensation
and muscle afferents is relatively poor. A recent study
concluded that the FM sensation subscale could not be
recommended for clinical use because it showed significant ceiling effect and low validity and responsiveness to
clinically meaningful change [49]. The ceiling effect
implies that many patients attain full score without necessarily having intact sensation. These clinical tools, however, have very poor interrater reliability [40,50] and
have been criticized for having poor sensitivity and poor
or absent normal value criteria [40,50–51].
A good clinical assessment tool should possess several important attributes. First, it should be objective
based on continuous, normative scales of typical behavior with no floor or ceiling effects. The measure should
possess various aspects of validity, including face (looks
like it measures what it is meant to measure) and content
(covers a representative sample or areas of a domain).
The tool also needs to be reliable both within and
between observers. Further, an ideal tool would be fairly
rapid to administer and widely available. Finally, the
measure should be both sensitive (proportion of actual
positives correctly identified) and specific (proportion of
negatives correctly identified).
Present clinical assessment tools use ordinal scales to
focus on what could be termed relatively low-level
aspects of motor function. Measures of strength, tone,
muscle stretch reflexes, range of motion, and basic motor
coordination are performed, in part, because they can be
measured during a physical examination. However, many
obvious signs of motor impairments, such as slowed
response times or the degree of clumsiness interacting
with the environment, are more difficult to quantify on a
physical examination.
In some ways, the current clinically used assessment
tools represent the tip of the iceberg. For example,

strokes that affect the sensorimotor cortex result in
diminished long-latency responses and delayed voluntary
responses [52]. These reflexes are not the typical muscle
stretch reflexes elicited with a tendon hammer during a
standard neurological examination. Instead, these longlatency reflexes represent rapid motor responses that can
be modified based on behavioral context and are thought
to provide a crucial part of how one generates highly
coordinated voluntary motor actions [20]. Subjects with
stroke can also show subtle yet measurable differences in
performance such as differences in reaction time during
reaching between their paretic and nonparetic limbs [53].
Easily and accurately quantifying these features of the
sensorimotor system with a standard clinical examination
is nearly impossible. What is needed is an approach that
can get at these more complex yet important aspects of
sensorimotor function.
Rationale for Robotic Assessment
One relatively basic feature of robots is that they can
be used as a measurement device to quantify limb
motion. Essentially, two types of robotic technologies
have been used to study whole-limb function (Table).
Exoskeleton robots parallel the motion of the body segments so that the joints of the robot are aligned with the
joints of the subject wearing the device. They can provide
a wealth of information on both hand and joint motion
during behavior. Systems can be designed to support the
weight of the limb, potentially valuable for removing the
effects of fatigue or muscle weakness. End point robots
can be grasped by the subject’s hand, permitting tracking
of hand motion. They provide less information on limb
motion but tend to be less expensive and easier to operate
than exoskeleton robots. They can be modified to attach
the hand with a brace to support the limb. In either case,
how the subject moves the robot provides a robust measure of limb motion.
Another obvious value of robots is their capability to
control limb movement. These technologies can move a
limb through a specified trajectory or permit free limb
movement and apply discrete mechanical perturbations
or even simulate the properties of the environment such
as contact with a rubber ball. It is this combined measurement and control that makes robots a versatile tool for
studying upper-limb function.
Robots can be designed in a range of sizes and
complexities. They can be relatively simple to monitor
and control a single direction of movement at a single
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Table.
Robotic technologies for therapy and/or assessment of upper-limb function.

Robot
Armeo [1]
ARM Guide [2]
Bi-Manu-Track [3]
GENTLE/s [4]
HWARD [5]
InMotion2 [6]
InMotion3 [7]
KINARM Exoskeleton [8]
KINARM End Point
Mirror Image Motion Enabler [9]
NeReBot [10]
REHAROB [11]
Reha-Slide [12]

Interaction
Exoskeleton
End point
End point
End point
Hand
End point
Wrist
Exoskeleton
End point
End point
Weight assist
End point
End point

Manufacturer
Hocoma
—
Reha-Stim
—
—
Interactive Motion Technologies
Interactive Motion Technologies
BKIN Technologies
BKIN Technologies
—
Mechatronics
—
Reha-Stim
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joint, or they can permit free movement of the limb in
three-dimensional space. However, clear trade-offs exist
between the complexity of the measured behavior and the
complexity of the technology and associated analyses.
Planar paradigms are often chosen because they provide
a pragmatic balance between behavioral and technological complexity.
Robots are typically combined with visual presentation systems. These can be as simple as a computer moni-

tor to display visual targets with a circle to denote the
robot-based feedback of limb position. Robots can be
easily paired with virtual reality systems so that visual
stimuli and a rendering of the limb can be displayed in
the actual workspace. Augmented reality permits the
limb to be viewed directly along with projected visual
stimuli [54]. Both virtual and augmented reality systems
permit a natural registration between visual and proprioceptive feedback during motor performance.
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Robots for Upper-Limb Motor Assessment
Robotic devices could be used to quantify features of
the motor system classically assessed during the neurologic physical examination: strength, muscle stretch
reflexes, spasticity/tone, range of motion, and basic
motor coordination. The capability of robots to apply discrete perturbations make them ideal for quantifying
reflexive behavior and, notably, exploring more complex
long-latency responses that cannot be elicited with a
hammer tap [55]. For example, a recent study using
robots to apply multijoint perturbations of the arm highlighted how patterns of muscle activity tend to generate
multijoint flexor synergies in subjects with stroke [56].
An interesting use of robots has recently been developed by Ellis et al., in which they quantified the range of
motion of upper-limb function by having subjects create
a limb movement to trace the region of space that a subject could move their arm [57]. With the robot providing
full weight support of the limb, many subjects could
move their limb through a large region of space. They
then asked subjects to perform the same task as the robot
provided less and less weight support. The result was a
greatly diminished range of motion, demonstrating the
important coupling between active range of motion and
weight support.
However, several challenges remain to replicating
some existing assessment approaches. First, using robots
to assess all joints across all of their mechanical degrees
of freedom with a single robotic device would be difficult. One possibility is to design systems that quantify
several joints but only for a single degree of freedom
(i.e., shoulder, elbow, and wrist flexion/extension along
with rudimentary grasp). Alternatively, one could use
two separate robots, one that quantifies the proximal arm
and a second system that quantifies hand and wrist function.
Second, measures of strength, particularly for the
shoulder and elbow joints, would require very large
motors on the robot, resulting in a very bulky robot with
high friction, negatively affecting its capability to perform subtle tasks, in which the robot is meant to minimally intervene in limb movement. Instead of strength,
measures of maximal speed to perform a movement may
be more useful because normally a strong coupling
should exist between speed and strength [58].
Perhaps the greatest potential for robots is realized
when one thinks beyond traditional clinical measures of
motor function. Robots, when combined with virtual or
augmented reality systems, have an enormous control of

the visual and somatosensory systems and can precisely
monitor motor output at a very rapid rate, which makes
them ideal for studying a broad range of sensory, motor,
and cognitive functions.
Two studies recently used robots to quantify the ability of subjects with stroke to make visually guided reaching movements [53,59]. This task requires the individual
to maintain the hand at an initial visual target, then identify the onset and location of another visual stimuli, and
then initiate and complete a movement to this second
spatial goal. This task requires participation of a neural
circuit that spans the occipital, parietal, and frontal lobes,
as well as subcortical structures such as the cerebellum
[5,9]. The distributed circuit involved in visually guided
reaching makes the task a relatively “dirty” one, in that
impairments in the task may reflect deficits or injury
across many brain regions. Reaching performance in this
task, however, is highly correlated with ADL scores such
as FIM [59–60].
Figure 1 illustrates the spatial pattern of hand movements for a control and two subjects with stroke [53].
One of the key advantages of robot-based assessments is
that a wealth of information can be gathered during a single behavior. We nominally identified five groups of
parameters to characterize reaching movements: postural
control, visual response, global movement metrics,
movement initiation, and feedback control. The selection
of these groups is due, in part, to known differences in
how parts of the sensorimotor circuit contribute to visually guided reaching. Control processes for posture and
movement are somewhat distinct [61], and certain neurological disorders can affect one or the other [62]. Difficulties responding to a visual stimuli may not reflect a
motor problem, such as in someone with hemianopsia.
We found that from a cohort of subjects undergoing inpatient rehabilitation at our local hospital, approximately
80 percent of left-affected and 50 percent of right-affected
subjects with stroke displayed differences from control
subjects. Interestingly, approximately 40 percent of leftaffected subjects were flagged as performing differently
from control subjects when they used the nonparetic right
arms. Although many subjects may show differences
across different groups of parameters, examples also
exist in which unique patterns of deficits are found. For
example, some subjects only displayed differences from
controls in postural control or reaction time, but none
related to movement itself. Thus, one can identify
whether a subject has deficits in motor performance and,

341
SCOTT and DUKELOW. Robots for clinical assessment and rehabilitation

Figure 1.
Hand paths for visual-guided reaching movements from central target to one of eight peripheral targets for three subjects. Hand speed profiles for
movements in left (cyan) and right directions (green) with zero time denoting onset time of peripheral visual target. (a) Control subject displaying
relatively straight hand paths for all movement directions. Hand speed has single large peak and only a few small corrective movements.
(b) Subject with right middle cerebral artery stroke. Hand paths display large initial direction errors and hand speed profiles display multiple large
corrective movements for left-affected arm. Right arm shows some differences from control subject, notably systematic error for movements to
lower target near subject. (c) Subject with right posterior cerebral artery stroke. Hand paths display large trial-to-trial variability. Hand speed plots
display that reaction time was relatively short and consistent for movement to right, but were highly variable for movements to left using either
left or right limbs. Data taken with institutional ethics approval from Coderre A, Zeid AA, Dukelow SP, Demmer MJ, Moore KD, Bretzke H,
Herter TM, Glasgow JI, Norman KE, Bagg SD, Scott SH. Assessment of upper-limb sensorimotor function of subacute stroke patients using
visually-guided reaching. Neurorehabil Neural Repair. 2010;24(6):528–41.
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importantly, quantify what features of this behavior are
atypical. As a group, all the different measures of reaching performance create a unique fingerprint of impairments, which allows the possibility of designing
rehabilitation programs that are targeted exactly at the
patient’s deficits. However, more research is clearly
required to identify how different impairments affect disability and real-world use of the paretic limb [63].
Perhaps the greatest contribution of robotic technology to basic research has been the ability to apply novel
mechanical loads to the limb to study motor learning
[64–67]. Motor recovery following stroke can be generally viewed as a problem of motor learning, or in this
case relearning, to use the paretic limb [68]. Therefore,
an important potential of robots is to measure the capability
of the motor system to learn after stroke. The work of
Scheidt and Stoeckmann examined this issue by quantifying how neurologically intact and subjects with chronic
stroke adapted to loads applied by a robot during reaching movements [69]. The magnitude of the load was randomly varied from trial to trial. For control subjects,
motor patterns in a given trial correlate with the size of
the error in the previous trial [70]. In other words, larger
errors in the previous trial led to larger corrective movements in the next trial. They found that this trial-to-trial
learning was reduced in subjects with stroke and covaried
with the severity of the stroke. Further studies are needed
to identify whether these measures of learning during the
acute phase of stroke are related to the long process of
recovery of motor abilities after a stroke.
These studies highlight only a few ways in which
robotic technologies could be used to quantify motor
impairments. In many ways these tasks remain relatively
simple compared with the sophistication afforded by
robots and virtual reality, such as the capability to simulate
the properties of physical objects to explore object manipulation or permit tasks that require bimanual coordination.
Robots for Upper-Limb Sensory Assessment
Relatively simple approaches have been developed to
quantify impairments in proprioceptive function for subjects with stroke [71–72], but they require manual repositioning of the limb. We have recently developed a robotbased system and quantified proprioceptive function of
45 patients at ~1 month poststroke and 65 age-matched
nondisabled control subjects [73]. In this study, subjects’
vision of the upper limbs was occluded, and the robot
moved the paretic arm to different spatial locations in a

random order. Subjects were required to mirror-match the
geometry of the paretic limb with their nonparetic limb.
The data from the matching arm were mirrored onto the
robotic matching data. Subjects with stroke demonstrated
a variety of deficits, including increased variability and
spatial distortions of the entire target set. These spatial
distortions were characterized by contraction, expansion,
and/or systematic shifts of the two-dimensional target set
(Figure 2). The study documented the reliability of the
robotic technique for position sense assessment (intraclass correlation coefficient for variability, r = 0.81),
which was markedly better than that previously reported
for standard clinical assessment tools [40,50]. Another
recent study has used robotics to document proprioceptive deficits in the upper limbs of patients with stroke
using an alternative approach to the one just described,
which entailed the use of a two-alternative forced-choice
paradigm to examine the perceptual detection threshold
for hand perturbations [74].
Even a relatively simple task such as the limb-matching
task in Dukelow et al. [73] requires several different processes or brain structures to be functional: (1) the left
cerebral hemisphere must sense the position of the right
limb moved by the robot, (2) this proprioceptive information computed must be transferred to right cerebral hemisphere, (3) the right cerebral hemisphere must plan and
control the movement of the left limb, (4) the right hemisphere must sense the final position of the left limb, and
(5) the two hemispheres must work together to compare
the position of both limbs. Further, tests could be developed to separate these factors such as to move the limb to
a spatial location temporarily with the robot and then the
subject could be asked to replicate this position with the
same limb [75].
Robots for Cognitive Assessment
Cognition relates to mental processes involved in
awareness, attention, perception, language, memory, reasoning, and judgment. The multifaceted nature of cognition correspondingly requires a large battery of tests to
quantify these processes. A full neuropsychological
assessment is normally performed and requires many
hours or even days to complete. These tests are labor
intensive and based predominantly on subjective measures,
questionnaires, and/or the use of pencil and paper. Simplified cognitive assessment tools have also been developed, including the Folstein Mini-Mental Status Exam
[76] and the Montreal Cognitive Assessment [77], that
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Figure 2.
Limb-matching capabilities of control subject and three subjects with stroke: (a) Matching performance for control subject. Robot moved left
hand, and subjects were instructed to match mirror position with right arm. Filled icons denote locations where hand should have been positioned,
and corresponding open icons denote mean location where subject placed their hand. Ellipses denote trial-to-trial variability for each location.
(b) Subject with right middle cerebral artery (MCA) stroke. Robot moved left arm, and subject matched with right arm. Note large trial-to-trial
variability. (c) Subject with left MCA stroke. Robot moved right arm, and subject matched with left arm. Note that stroke subject used greatly
reduced region of workspace. (d) Subject with right posterior cerebral artery stroke. Robot moved left arm, and subject matched with right arm.
Note shift in workspace. Data taken with institutional ethics approval from Dukelow SP, Herter TM, Moore KD, Demers MJ, Glasgow JI, Bagg
SD, Norman KE, Scott SH. Quantitative assessment of limb position sense following stroke. Neurorehabil Neural Repair. 2010;24(2):178–87.

require relatively little time, although they are only
screening tests to decide whether more thorough testing
is required.
Some attempts have been made to automate certain
aspects of these cognitive tasks. For example, CANTAB
uses a touch-screen interface for performing over 20
tasks, ranging from simple movement tasks for quantifying reaction time to more complex tasks designed to
assess spatial working memory (Cambridge Cognition;
Cambridge, United Kingdom).
Robotic technology combined with virtual/augmented reality could also be used as an automated
approach to quantify many aspects of cognitive function.
In this situation, the upper limb is used as an output mea-

sure of cognitive processes. Many traditional measures of
cognition can be easily ported onto these systems, such
as line-bisection tasks and trail making. Further, online
measures of limb movement provide extra information
on the pattern of motor behavior during the execution of
these tasks. Importantly, robotic and virtual reality systems afford new opportunities to observe the ability of
subjects to perform rapid decisional processes not examined
in traditional pen-and-paper examinations. Finally, the use
of the same technology to quantify sensory and motor functions of the upper limb can help differentiate whether difficulties to perform a cognitive task are due to lowerlevel sensory or motor impairments or actual problems in
cognitive function.
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Challenges and Future Directions in Robotic 
Assessment
One might assume that the biggest hurdle for implementing robotic and other advanced technologies for
neurological assessment is the substantial capital cost of
the equipment. The “gold standards” for assessing neurological impairments are largely based on subjective
observations, so these new assessment tools are assumed
to be just as inexpensive. However, one should look at
the broader impact of assessment to the healthcare system. Specifically, these “cheap” assessment tools drive
many costly decisions on the patients’ length of hospital
stay and the amount and type of rehabilitation therapy
they receive, as well as their long-term care strategies.
Diagnostic tools that typically only provide information
about body structure are routinely performed and quite
expensive. For example, MRI is approximately 30 times
more expensive to purchase and likely 5 times more
expensive to operate than robotic systems. Yet these
imaging technologies are clearly valuable to the healthcare system, widely available, and used regularly to make
crucial decisions on patient care. Simply put, high-quality
assessment tools with better diagnostic and prognostic
precision will better healthcare and lower costs in the
long run.
Perhaps the biggest challenge for using robots for
assessment is that we still have only started to identify
the ways that robots could be used to quantify brain dysfunction. Robots combined with virtual/augmented reality systems provide a general platform to study upperlimb sensory, motor, and cognitive function. They will
potentially create an objective, quantitative approach to
neurologically assess with continuous scores based on
normative performance. The use of this technology for
quantifying brain dysfunction is nascent, and thus considerable research is required to identify how they can be
used for quantifying neurological impairment following
stroke, how this information is related to ADLs, and how
they can help guide effective patient-centered rehabilitation
programs. Correspondingly, other neurological disorders
will require this same systematic approach to identify
how each behavioral task can also help with diagnosis,
prognosis, and guidance of patient care.
As the library of robot-based tests increases, a new
problem will arise with regard to the time required to
assess a patient. This problem is common to all assessment tools. However, robots have a big advantage
because sophisticated online analysis tools can be devel-

oped to dramatically reduce the time required to assess a
patient. Tasks can be organized into a tree or hierarchical
structure with the assessment beginning with a few
broad-based tasks. Atypical performance in one of these
initial tasks will guide the selection of further testing to
quantify in detail the underlying impairments. For example, increased reaction times during visually guided
reaching could lead to further tasks that identify whether
delayed responses reflect spatial neglect or a general
problem of engaging the voluntary motor system. Further
reductions in time with smart algorithms that decide to
terminate a given task because performance was already
identified as atypical. The result of these online analysis
tools is that a comprehensive patient-centered approach
to neurological assessment may require only a small subset of all possible tasks performed. The goal is to maximize the amount of information on brain function as
quickly as possible.
While we believe that robots may potentially quantify
many aspects of sensory, motor, and cognitive function,
other technologies will also be necessary to provide a
complete picture of brain function. Eye-tracking systems
are needed to quantify oculomotor function, and when
combined with robotic technologies, can quantify eyehand coordination skills. As well, motion-capture systems
and force-plates provide important information on locomotion, balance, and other whole-body actions. Each
technology has its strengths and weaknesses, but the
combined use of various technologies provides a powerful radically new approach to neurological assessment. In
effect, these facilities would function much like other
diagnostic facilities within the healthcare system, such as
imaging departments or laboratory medicine facilities.
Clinicians can decide whether patients should receive a
broad-based assessment or select a library of tasks specifically designed to address impairments associated with a
certain disease or injury. Other possible roles for robotbased assessment technologies could be for triage, such
as when a patient comes into the emergency room following a concussion and a clinician needs help to decide
whether the patient requires more expensive testing such
as an MRI to assess intracranial bleeding and whether he/
she should be admitted overnight or allowed to go home.
Again, the final cost of each of these decisions can be
substantial.
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REHABILITATION OF STROKE
Traditional Approaches
Traditional stroke rehabilitation strategies have
focused largely on reducing motor impairments as a
means of improving overall function [78]. In the research
literature, this emphasis is reflected in the immense volume of publications focused on motor recovery and rehabilitation. Evidence is evolving for sensory [79],
perceptual [80–82], and cognitive rehabilitation [83–84].
However, clinical implementation of rehabilitation for
these issues is less pervasive. In stroke rehabilitation,
therapy is often conducted by an individual or team of
therapists, usually after a clinical assessment has been
conducted. Given the inherent problems with clinical
assessments discussed earlier, one can see how less than
optimal assessment might translate into a less than optimal rehabilitation experience for the patient. Further, the
type and dose of the rehabilitation treatment are largely
controlled by the treating clinician and/or rehabilitation
team. In our clinical experience, these factors vary significantly, which cannot always be explained by the patient’s
individual deficits. Treatment is typically concluded when
the patient reaches a “plateau” in performance. This plateau
is determined by the same problematic clinical tools
already discussed. Some authors have suggested that this
plateau may actually be the patients consolidating their
poststroke practice experience rather than optimal biological recovery [85–87] and this, in itself, has important
implications in the timing of how we deliver treatment
after a stroke.
Better Treatment Plan
Like many areas in medicine, the delivery of stroke
rehabilitation has much opportunity for improvement.
Certain factors have been readily identified as affecting
rehabilitation outcomes. The first is timing of stroke
rehabilitation. Studies in animal models have demonstrated the importance of rehabilitation intervention
within the first week following stroke to maximize neurological recovery [29]. In humans, earlier delivery of
rehabilitation has been associated with better functional
recovery [29–33,88–89]. The duration of therapy is a
topic of some debate because traditional belief has been
that the majority of neurologic recovery occurs within the
first 4 months following stroke [90]. More recent studies
with novel techniques such as constraint-induced movement therapy or robotics have demonstrated improve-

ments in subjects several months beyond this [91–93]. In
fact, a study is under way that will assess the capability
of robotic rehabilitation to improve outcomes in stroke
patients who are 56 months from their first stroke [94].
These more chronic studies reveal that subjects may continue to benefit from intensive rehabilitation much longer
than traditionally thought.
Another factor identified as affecting stroke recovery
is the intensity of rehabilitation. In general, studies in
humans have demonstrated that greater intensity of rehabilitation leads to better outcomes [95–98].
Other authors have proposed the importance of the
adaptability of the rehabilitation paradigm, such that the
treatment evolves as the patient’s performance improves
[98]. This factor, however, requires constant reassessment, ideally with a highly sensitive tool, followed by
adjustment of the treatment paradigm. Further optimal
recovery should use a treatment paradigm tailored to the
most effective learning style of the patient rather than
employing a method constrained by the knowledge of the
clinician or the programming of the device delivering
therapy. Lastly, we suggest that considering the specific
neurological deficits of the patient and targeting treatment at these deficits may be important. In the present
rehabilitation environment, which focuses on motor recovery, other deficits receive minimal attention because we
currently lack suitable treatment options.
Rationale for Using Robots for Treatment
Robots provide the capability to perform thousands
of movement repetitions with precision. This factor has
been shown to be important in motor retraining following
stroke [99]. Further, these movements can be made with
the robot either providing forces to the limb to assist or
resisting movement. Such exacting control of movement
is exceedingly difficult without a device. Additionally,
the possibility exists to simultaneously monitor patient
performance and modify the treatment paradigm as the
patient progresses. Further, if normative assessment
information was used, the robot could determine when
subject performance fell within the normal range and
accurately determine the conclusion of treatment in a
given paradigm. Robotics also have the capability to simulate real-world situations through haptic interfaces and
virtual reality [100–102].
Practically, the large volume of literature supporting
the effectiveness of increased intensity and duration of
rehabilitation [89,95–97] serves to highlight the importance
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of seeking potential alternatives to the traditional one-onone approach taken in stroke rehabilitation. Robots can
deliver treatment with a therapy aide or technician supervising the operation of the device, thus allowing for a
potential increase in the total dose of treatment received
and optimizing use of the therapist’s time. Further, most
patients involved in research trials of rehabilitation with
robots generally tolerate robotic therapy quite well and
adverse events are exceptionally rare [103].
Use of Robots for Rehabilitation
A plethora of devices have been used to evaluate the
effectiveness of robotics in improving motor recovery
following stroke. Given the large number of devices that
have been used in clinical trials, we created the Table in
an attempt to summarize details about the devices and
provide an example of a clinical study in which the robot
has been used. The vast majority of robotic devices have
focused on rehabilitating the proximal upper limb. Examples include devices such as the MIT-Manus robot (now
marketed as the InMotion2, Interactive Motion Technologies, Inc; Boston, Massachusetts) [104] and the Mirror
Image Motion Enabler (MIME) [105]. A few studies
have used devices aimed at improving motor function in
the wrist, including the Hand Wrist Assistive Rehabilitation Device [106] and the InMotion3 robot (Interactive
Motion Technologies, Inc; Boston, Massachusetts) [107].
Some studies have combined functional electrical stimulation [108–109] or transcranial magnetic stimulation
[110] with robotic therapy in attempts to improve outcomes. One study has examined trying to improve proprioception following stroke [111].
Each of the devices mentioned in the Table functions
somewhat differently; some are end-point robots (e.g.,
InMotion2) while others are cable-based (e.g., NeReBot)
or exoskeletal (e.g., ARMin). Many are unilateral (e.g.,
InMotion2, ARM Guide), while others are bilateral (e.g.,
MIME, Bi-Manu-Track). The MIME was designed to
take advantage of “mirror therapy,” in which movement
in one arm could help to trigger movements in the other.
The design of a robotic device effectively serves to physically constrain the movements of the upper limb. Devices
such as the InMotion2 and the ARM Guide permit horizontal motion with the shoulder and elbow, while a
device such as the Bi-Manu-Track allows for pronation
and supination of the forearm. Other devices such as the
NeReBot offer three-degrees-of-freedom movement that
could potentially recreate more natural upper-limb move-

ment. MIME provides six-degrees-of-freedom forearm
motion on the hemiparetic side in three-dimensional
space. However, no trial that we are aware of has directly
compared two devices head-to-head.
The majority of clinical studies have explored the
ability of a specific robotic device to improve motor
impairments and disability following stroke. Some studies have been criticized for lacking appropriate control
groups, because control groups were not present or did
not receive an equivalent amount of therapy as the treatment group [104,112–113]. Other more recent studies
have given control subjects an equivalent amount of traditional rehabilitation treatment [85] to control for the
confound of differing intensity between control and
robotic treatment groups. While we agree that an
increased amount of therapy to robotic intervention
groups represents a confound in terms of study design, it
may actually represent a more real-world scenario then
some previous critics have recognized. One can foresee
robotic techniques being used in conjunction with and
addition to standard rehabilitation techniques to optimize
the delivery of stroke rehabilitation treatment.
Brewer et al. have previously reviewed the clinical
studies conducted with each of the various robotic
devices [114]. More recently, two systematic reviews
have evaluated the evidence for robot-aided arm retraining following stroke [99,103]. These two reviews indicated that the use of robotics in rehabilitation was
generally a safe treatment strategy, with rare adverse
events and low subject drop-out rates. Further, stroke
subjects demonstrated improvement in arm motor function and strength compared with control groups. Motor
function in most of the studies reviewed was measured
with the FM upper-limb stroke assessment [25] or the
impairment inventory of the arm component of the Chedoke
Assessment [24]. However, across the studies reviewed
by either group, the ability to perform ADLs did not
appear to improve. This finding is not at all surprising,
given that most of the reviewed studies used the FIM [27]
or the Barthel index [115] for measuring this. The authors
of both systematic reviews point to the problems of using
these common rehabilitation scales of overall function to
measure the specific abilities of the upper limb—the FIM
and Barthel Index heavily overrepresent the lower limb,
and compensation with the less-paretic limb is allowed
and not penalized. These facts could easily confound
one’s ability to determine whether an upper-limb treatment is effective in improving ADL performance. This
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problem further highlights the importance of having
assessment tools that can accurately, reliably, and appropriately measure impairment and disability in the upper
limb.
Challenges and Future Directions in Robotic Therapy
The implementation of any new treatment in medicine is not without challenges. One of the biggest obstacles faced can be translating research evidence into
clinical practice. In this regard, many of the traditional
treatment approaches in rehabilitation have been around
for decades and the implementation of new techniques
and technology may prove challenging.
One particular obstacle for robotic technology is the
cost of the devices themselves. Lower-cost alternatives to
the devices used in these studies are beginning to appear
[116] and have been targeted at telerehabilitation in
patient’s homes. The higher cost of many robotic devices
has generally led to their implementation as a researchbased tool in most centers. Kwakkel et al. have suggested
the importance of a cost-effectiveness study on robotics
in stroke rehabilitation [95]. Interestingly, a recent study
found that the cost of robot-assisted therapy was relatively comparable to traditional approaches [117].
Following closely behind cost-related obstacles are
those of access. Given that approximately 700,000 Americans, 920,000 Europeans, and 50,000 Canadians each
year have a stroke, and a large number of these people
require rehabilitation treatment, the issue of accessibility
to novel treatments such as robotics is not a small one.
Further, some individuals have questioned the functional relevance of robotic retraining, given that most
clinical trials have not established a clear benefit in the
performance of ADLs. As discussed previously, this
issue may be related as much to inherent problems with
the assessment tools such as the FIM and Barthel Index
as to the actual nature of the robotic rehabilitation. Also
relevant, however, is that, with a few exceptions [106–
107], very few of the aforementioned studies attempt to
rehabilitate the wrist and hand. Proficient performance of
ADLs depends on both proximal and distal control of the
upper limb.
Robotic rehabilitation strategies tend to use mass
practice and explicit learning strategies [114]. Other authors
have shown that this method may not be the most effective for motor relearning, because methods that involve
contextual interference [118] and implicit learning [119–
120] may be better strategies poststroke. Although the

opportunity exists to simultaneously assess and rehabilitate patients with robotic devices, this approach is not
always employed. Most of the clinical trials conducted
have relied on more traditional clinical assessments, each
of which presents their own set of limitations. The development of valid and appropriate robotic assessment has
lagged significantly behind the development of robotic
rehabilitation tools and techniques. The assumption that
our current assessment tools are “good enough” is being
challenged as better, automated assessment methods
evolve. Ultimately, better assessment methods may be
required to truly demonstrate the advantages of applying
new rehabilitation strategies, because the old methods are
just too insensitive to change [79].
In efforts to move the field of stroke rehabilitation
forward, we can see that some of the common clinical
tools we use to assess neurological deficits are insufficient to guide novel treatments or appropriately measure
the effects of these treatments. While more detailed and
appropriate tests of function have been employed in some
research studies (e.g., Wolf Motor Function test [34], Jebsen Taylor Hand function test [121]), these are not used
routinely in clinical care, nor have they been used in most
of the studies on robotic rehabilitation. Although these
tests represent a potential improvement on assessments
such as the FM [25], FIM [27], and Barthel Index [115],
they still lack the ability to accurately measure vision,
perception, and sensation accurately and succinctly. The
evolution of robotic assessment offers the capability to
quantify these changes with great accuracy and reliability, but much work needs to be done to establish appropriate and meaningful assessment tools. This likely
involves quantitating both neurological impairments and
the problems these impairments create when patients are
trying to accomplish ADLs.
Rehabilitation of stroke deficits has been the target of
researchers for some time now, with the first studies
being published nearly 13 years ago [113]. Much like
traditional rehabilitation approaches, researchers have
focused extensively on mass practice and explicit motor
relearning. While this method has certainly demonstrated
some success, room for improvement exists. First, one
might consider integrated automated assessment and
treatment. Second, alternative learning strategies might
further enhance recovery. Third, rehabilitation of deficits
beyond those in the motor system need further exploration
[79]. Fourth, rehabilitation on the entire upper limb is
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critical, given the importance of the hand in performance
of ADLs.

CONCLUSIONS
This review highlights the present challenges facing
clinical assessment of upper-limb impairments related to
stroke and associated therapeutic interventions. We suggest that robots could create a new approach to clinical
assessment and rehabilitation building from present
knowledge on how neural circuits in the brain generate
the various sensory, motor, and cognitive function.
Although the capital costs of these technologies are much
more than existing approaches, they may potentially provide a much more cost-effective approach to patient care,
offering a broader, more complete assessment of neurological impairments and the capability to support treatment that may be better suited for the specific needs of
each patient.
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