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Abstract
Background: Robotic and gravity-balancing exoskeletons, originally designed for the rehabilitation
training of neurological patients, are now being increasingly applied in objective and �ne-grained sensor-
based assessments of upper limb function. However, gravity compensation, inertia and damping
properties of the exoskeleton interfere with the natural sensorimotor interaction, proprioceptive and visual
feedback during movement execution. This may endanger the validity of the kinematic assessments in
relation to the clinical outcome measures that they were supposed to re�ect. Here, we applied

Methods: In a proof of concept study involving nineteen severely impaired chronic stroke patients, we
assessed sensor-based kinematic data acquired with a multi-joint arm exoskeleton and compared it to
the clinical outcome measure Upper Extremity Fugl-Meyer Assessment (UE-FMA) scale. During this
assessment, real-time movement feedback of the system’s seven degrees of freedom was provided with a
biomorphic 3D virtual representation of the upper limb, including the proximal component of the arm. To
align posture and to minimize the exoskeleton-patient interaction, the same position (neutral zero) with a
distance of 90 degrees between forearm and upper arm was taken as the starting position for all
assessments. Within self-contained tasks, we assessed separately and subsequently the range of
motion/spatial posture of four single joints (i.e., joint angles of wrist, elbow, arm, and shoulder
movement) and the closing and opening of the hand with a pressure sensor placed in the handle.

Results: A strong correlation was observed between wrist and elbow movements within the kinematic
parameters (r > 0.7, p<0.003; Bonferroni corrected). A multiple regression model predicted the UE-FMA
signi�cantly (F (5, 13) = 12.22, p < 0.0005, adj. R2 = 0.83). Both shoulder rotation and grip pressure added
signi�cantly (p < 0.05) to the prediction with the standardized coe�cients β of 0.55 and 0.38, respectively.

Conclusions: Exoskeleton-based evaluation of single-joint movements and grip force facilitates the
assessment of upper limb kinematics after stroke with high structural and convergent validity. Proximal
and distal measures may contribute independently to the prediction of the clinical status.

Background
The assessment of upper limb movements is crucial in monitoring and understanding sensorimotor
recovery after stroke; kinematic assessments should enable a sensitive quanti�cation of movement
quality and distinguish between restitution and compensation in the weeks and months following the
cerebrovascular event [1]. An increase in the assessment frequency by means of kinematic parameters
could, therefore, optimize clinical assessment procedures and enhance the effectiveness of rehabilitation
treatments [2].

In this context, three reviews have already summarized the state-of-the-art of upper limb kinematic
parameters and how they correlate to clinical outcome measures following stroke [1-3]:
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Nordin and colleagues [3] reported that kinematic parameters describing movement accuracy were
usually applied in chronic patients and correlated strongly with clinical assessments; parameters
describing feed-forward sensorimotor control such as response latency, initiation time or initial speed
were most often reported in studies of sub-acute patients and showed no correlation with clinical
assessments. They also reported a lack of measurements for both coordinated movements and the
proximal component of the upper limb. The challenge for robotic rehabilitation devices assessing the
movement quality of stroke patients was also observed to lie in its ability to counterbalance robot
dynamics and gravitational loading while also maintaining posture alignment during assessment
sessions.

Of the forty-nine parameters identi�ed by Do Tran and colleagues [2], movement speed, movement
accuracy, peak speed, amount of speed peaks, movement distance and duration were the most frequently
used. Thirteen studies investigated the correlation between instrumental parameters and clinical outcome
measures. Although a number of parameters showed a signi�cant association (correlation coe�cient of
more than 0.7), the majority were either weak (less than 0.3) or moderate (0.3–0.7). When classi�ed
based on the International Classi�cation of Functioning, Disability and Health (ICF) domains [4], the
majority of the instrumental parameters were categorized into Body Functions and Structure, i.e. they
addressed the impairment level that is most frequently clinically estimated by the Upper-Extremity Fugl–
Meyer Assessment (UE-FMA) scale [5].

Schwarz and colleagues [1] differentiated kinematic upper limb assessments post-stroke with respect to
the assessment task, measurement system and performance metrics. These were then evaluated on the
basis of their clinimetric properties. This review identi�ed a total of 151 different kinematic metrics that
could be allocated to �ve task and three measurement system groups; the metrics task/movement time,
number of movement onsets, number of movement ends, path length ratio, peak velocity, number of
velocity peaks, trunk displacement, and shoulder �exion/extension all received an adequate evaluation
for one clinimetric property. Twenty-two studies that investigated the correlation with clinical outcome
measures (convergent validity) were identi�ed. In exoskeletons, which are usually applied in severely
impaired patients, the high interaction forces between the measurement system and patient due to
friction, inertia, and arm weight support were particularly worthy of consideration. Furthermore, Schwarz
and colleagues [1] proposed that the selected assessment task should be self-contained and that tasks
trained during therapy should be avoided since these would confound the results for upper limb function
by including task-speci�c learning effects [6].

In the present study, we aimed to enlarge upon some of the previous suggestions, e.g., to assess the
proximal component of the upper limb and align posture also during the assessment, apply self-
contained assessment tasks, and minimize the exoskeleton-patient interaction to achieve high
convergent validity of the applied kinematic parameters. We hypothesized that these goals could be
achieved by a novel, self-contained and exoskeleton-based assessment protocol with biomorphic virtual
reality feedback.
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Method
We recruited 19 stroke patients (8 females, mean age: 56 ± 11 [from 34 to 71] years) in the chronic phase
after stroke (78 ± 55 [from 8 to 244] months) who presented with severe and persistent hemiparesis (13
right-sided, 6 left-sided; 11 ischemic, 8 hemorrhagic) and who provided written informed consent (for
demographic information see Table 1). The Upper Extremity Fugl-Meyer Assessment (UE-FMA) captured
the motor function and contained the subscores A (upper extremity), B (wrist), C (hand) and D
(coordination/speed), resulting in a total of max. 66 points. This clinical evaluation was performed by
two examiners at the same time to minimize assessment variability. Clinical and kinematic assessments
were done subsequently. The average UE-FMA score of the whole patient group was 16.1 ± 5.2 points; the
individual patient scores had a range from 7 to 29 points (of 66 points); thus, the study included only
severely impaired patients. This study was approved by the ethical review committee of the local medical
faculty.
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Table 1
Demographic information.

Patient No Age Type of Stroke Gender Side of stroke Month post-stroke UE-FMA

1 56 hemorrhagic male right 56 29

2 52 ischemic male right 156 22

3 68 hemorrhagic male right 34 16

4 55 hemorrhagic male right 88 10

5 67 hemorrhagic male right 75 7

6 69 ischemic female right 130 16

7 69 ischemic male right 81 14

8 34 hemorrhagic male right 45 13

9 63 ischemic female right 58 16

10 59 ischemic female left 20 19

11 63 ischemic female left 133 13

12 51 ischemic female right 21 22

13 56 ischemic female right 87 22

14 49 hemorrhagic male left 69 21

15 71 hemorrhagic male right 244 14

16 41 hemorrhagic male right 62 9

17 48 ischemic male left 8 13

18 36 ischemic female left 32 16

19 49 ischemic female left 81 14

Exoskeleton and 3D-Visualization:

The basic methodology of our exoskeleton-based training and assessment setup has already been
described in detail in previous studies and is cited here accordingly [7-9]: We used a commercially
available (Armeo Spring, Hocoma, Volketswil, Switzerland) rehabilitation exoskeleton for shoulder (arm
rotation, arm elevation), elbow (�exion/extension) and wrist joints (�exion/extension) with seven degrees
of freedom to provide gravity-balancing support for the paretic arm and simultaneous registration of
movement kinematics and grip force.

This device enabled us to make individual adjustments of gravity compensation, thereby supporting
patients with severe impairment in performing task-oriented practice within a motivating virtual
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environment. To align posture and to minimize the exoskeleton-patient interaction, the same position
(neutral zero) with a distance of 90 degrees between forearm and upper arm, with the shoulder being
adducted to the trunk and with the thumb pointing upwards, was applied as the starting position for all
assessments. In accordance with the manufacturer’s instructions, the length of the different components
of the exoskeleton with regard to the wrist, forearm and upper arm were adjusted to suit the individual
anatomical proportions of each patient. Gravity compensation was set according to the manufacturer’s
instruction, thereby, allowing for a complete gravity compensation of the upper limb in the neutral zero
position. In this context, a better understanding of the weight compensation provided by this device may
help to fully utilize it in clinical and research settings [10]. A �le mapping communication protocol was
used to read the real-time movement data, as originally represented in the angles of all arm joints, and the
grip force measured by the device from a shared memory block.

Using the real-time sensor data of the exoskeleton to display a three-dimensional multi-joint visualization
of the user’s arm in virtual reality (VR), we extended these features in-house to provide both visual and
auditory instructions and feedback for the patient. Since our exoskeleton-based rehabilitation
interventions were already using this VR set-up, we applied the same technology also for the assessment
protocol to avoid a methodological disruption of the integrated training and assessment sessions. The
aim of this VR approach was, furthermore, to standardize the evaluation independent of the interaction of
an examiner to reduce assessment variability. The system’s features allow for further optimization (e.g.,
multimodal feedback, personalized content, gami�cation) in future. The real-time sensor data enabled us
to display a natural virtual 3D representation of the patient’s arm on a computer screen. This provides the
patient with additional visual feedback on how the movement was performed. The virtual arm engine
was programmed in a Microsoft XNA framework. The arm model utilized by the engine was constructed
as a meshed bone-skin combination with 56 bones which were modelled as interconnected bodies in the
simulation. (3Ds Max 2010TM, Autodesk). This model included 14 �nger bones, 11 hand route bones and
one bone for each shoulder, forearm and upper arm for each side of the body [7]. The real-time sensor
data modulated the 3D model. Speci�cally, the joint angles and grip forces of the device measured with
the exoskeleton were used to modify the bone-vectors (i.e., position of the bone objects in CAD space) of
the meshed model in accordance with the movements of the user, thereby providing online closed-loop
feedback. The joint angles of the exoskeleton were directly represented in virtual reality, while the grip
forces were ampli�ed to feedback natural hand function.

Movement assessment design:

The positioning of the patient in the exoskeleton, including the complete movement assessment (~ 10
min) and the clinical evaluation with the UE-FMA score (~ 30 min) were performed on the same day. To
facilitate an e�cient evaluation of the motor abilities of severely affected stroke patients, a kinematic
registration of the arm was conducted in one self-contained task session.

A software design instructed the patients by 3D-arrows, text and tone messages to repeat single-joint
movements while providing feedback related to the performed movements and the range of motion
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(Figure 1). The simple instructions and single-joint movements ensured that the self-contained
movements could be performed by patients of all cognitive levels. Since these tasks were designed to
measure the maximum range of motion of single-joints, reference points did not require tracking and so
no overshoots – such as may be observed during 3D motion tracking when 3D rendering is displayed on
a 2D [11] – were found to occur. However, previous work of our group using a different evaluation
program for activities of daily living (ADL) captured movement quality, i.e., precisely such overshoots, and
showed that patients were inaccurate in comparison to healthy subjects. These inaccuracies decreased in
the course of a four-week training program [7, 9]. In this study, we designed simple, self-contained tasks
that minimize patient-exoskeleton interactions and do not rely on learning [1], thus preventing potential
confounds that are related to human-device interactions but not to motor recovery [6].

In order to develop a fast and practical assessment for severely impaired stroke patients that could be
applied in the context of daily rehabilitation sessions, the overall number of evaluated parameters was
restricted. The single-joint movements of this task were, moreover, carefully selected to be independent of
the exoskeleton environment, i.e., they could also be translated to the environment outside the
exoskeleton if the patients’ impairments still enabled them to perform these without gravity-
compensation. The following joints were measured subsequently and selectively: grip pressure
(difference between closing and opening the hand), wrist movement (�exion and extension), elbow
movement (�exion and extension), upper arm elevation and shoulder rotation; shoulder ab- and adduction
was limited due to the physical constraints of the exoskeleton. Each movement was performed 5 times,
allowing movement for 5s in each direction followed by a rest period of 5 s.

Our patients were so severely impaired that the range of motion of the exoskeleton was not exceeded.
Therefore, no saturation occurred in this study. Previous studies, in which activities of daily living with
this exoskeleton were performed with healthy subjects, also showed that the range of motion was not
limited [7, 9].

All joint movement data for the wrist, elbow, upper arm, and shoulder were recorded during the exercises
in °. The grip pressure was estimated in kilopascal (kPa).

Statistics and data evaluation

Statistical analysis was performed on a Matlab 2010b Engine and SPSS (IBM SPSS Statistics for
Windows, Version 22.0. Armonk, NY: IBM Corp.). The extent of the kinematic parameters was calculated
as a mean over the trials.

A multiple regression was performed to predict the UE-FMA score from grip pressure, wrist movement,
elbow movement, arm elevation, and shoulder rotation. The linearity was assessed by partial regression
plots and a plot of studentized residuals against the predicted values. The independence of residuals was
assessed by a Durbin-Watson statistic. The assumption of normality was assessed by a Q-Q Plot. The
signi�cance level was set at p=0.05 for all tests.
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A Pearson's product-moment correlation was estimated to assess the relationship within and between the
subscores A-D of the UE-FMA and the kinematic parameters. The analyses showed a linear relationship
with the variables being normally distributed as assessed by the Shapiro-Wilk test (p > .05); there were no
outliers.

Results
Patients became easily accustomed to the assessment setup without adverse effects. The system and
the training-software ran smoothly throughout the evaluation. Due to the gravity compensation of the
exoskeleton, all severely impaired patients were able to perform the movement assessment task.

Kinematic parameters

On average, 6 minutes and 15 seconds were required to register the patients’ movement abilities. One
operator (who positioned the patients in the exoskeleton) was present during the assessment but did not
need to intervene in the evaluation procedure since the instructions, feedback and exercises ran smoothly.
The ensuing kinematic performance parameters are presented in Figure 2, and their correlations with the
UE-FMA score in Figure 3. Exemplary real-time kinematic data of three patients is illustrated in Figure 4. 

Within the kinematic parameters, there was a strong correlation between wrist and elbow movements (r >
0.7, p<0.003; Bonferroni corrected, Table 2), thereby representing the known �exor hypertonia (spasticity)
of the wrist and elbow in these severely affected stroke patients (structural validity). Between the
kinematic and clinical parameters, there was a moderate to high correlation between all instrumental
measures and the UE-FMA subscores A (upper extremity) and D (coordination/speed). 

A multiple regression analysis was performed to predict the UE-FMA score from grip pressure, wrist
movement, elbow movement, arm elevation, and shoulder rotation. Linearity was assessed by partial
regression plots and a plot of studentized residuals against the predicted values. Independence of
residuals was assessed by a Durbin-Watson statistic of 1.97.

Homoscedasticity was assessed by visual inspection of a plot of studentized residuals versus
unstandardized predicted values. Since none of the tolerance values exceeded 0.1, there was no evidence
of multicollinearity. No studentized deleted residuals were found to be greater than ±3 standard
deviations, no leverage values were greater than 0.2, and the values for Cook's distance were above 1. As
assessed by a Q-Q Plot, the assumption of normality was con�rmed.

A multiple regression model predicted the UE-FMA signi�cantly (F (5, 13) = 12.22, p < 0.0005, adj. R² =
0.83). Shoulder rotation and grip pressure, with standardized coe�cients β of 0.55 and 0.38, respectively,
both added signi�cantly (p < 0.05) to the prediction (Table 3). In the post hoc power analysis [12], the
predicted multiple regression model (p<0.001, df=5 and n=19) had a statistical power between 0.83 and
0.89.
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Table 2
Cross-correlation of kinematic parameters and correlations with the UE-FMA sub

scores A-B (r, upper section) and corresponding p-values (p, lower section).
*Strong correlation: r > 0.7, p < 0.003 (Bonferroni corrected)

  grip wrist elbow arm shoulder

r grip in kPa 1.000 .394 .348 .463 .267

wrist movement in ° .394 1.000 .735* .422 .475

elbow movement in ° .348 .735* 1.000 .547 .614

arm elevation in ° .463 .422 .547 1.000 .543

shoulder movement in ° .267 .475 .614 .543 1.000

UE-FMA subscore A .624* .618* .790* .725* .588*

UE-FMA subscore B .434 .187 .107 0.334 .355

UE-FMA subscore C .120 .043 .120 .119 − .190

UE-FMA subscore D .593* .605* .718* .585* .388

p grip in kPa . .048 .072 .023 ,134

wrist movement in ° .048 . .000 .036 .020

elbow movement in ° .072 .000 . .008 .003

arm elevation in ° .023 .036 .008 . .008

shoulder movement in ° ,134 .020 .003 .008 .

  UE-FMA subscore A .004 .005 ,000 .000 .008

  UE-FMA subscore B .063 .443 .663 .162 .136

  UE-FMA subscore C .625 .860 .626 .627 .435

  UE-FMA subscore D .007 .006 .001 .008 .100
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Table 3
Summary of Multiple Regression Analysis. *p < 
0.05, B = unstandardized regression coe�cient;

SEB = Standard error of the coe�cient; β = 
standardized coe�cient.

Variable B SEB β

Intercept 4.341 1.670  

grip pressure 0.253 0.90 0.380*

wrist movement -0.009 0.056 -0.027

elbow movement 0.049 0.064 0.152

arm elevation 0.039 0.054 0.111

shoulder rotation 0.462 0.130 0.552*

Discussion
In this proof of concept study, we used an exoskeleton-based assessment protocol to demonstrate the
convergent validity of the acquired kinematic data in comparison with the UE-FMA clinical outcome
measure in severely impaired stroke patients. The characteristics of the assessment protocol were as
follows:

1. It provides real-time movement feedback of the measurement system’s seven degrees of freedom by
virtue of a biomorphic virtual representation of the upper limb, including the proximal component of
the upper limb.

2. It adjusts the device position and length of the forearm, upper arm and wrist appliances to the
individual anatomical proportions to align posture and reduce patient movement within the
exoskeleton.

3. It applies the same position (neutral zero) with a distance of 90 degrees between forearm and upper
arm as the starting position for all assessments to minimize the exoskeleton-patient interaction.

4. It assesses, separately and subsequently as self-contained tasks, the range of motion/spatial
posture of single joints (i.e., joints’ angles) and the closing and opening of the hand with a pressure
sensor placed in the handle.

The majority of stroke patients will presumably never regain full function of the affected limb [13, 14].
The impairment of an upper extremity is a decisive factor for their diminished quality of life [15]. Early
and high-dose movement therapies are therefore relevant for clinically meaningful improvements [16].
Furthermore, an assessment of upper limb movements is crucial in monitoring and understanding
sensorimotor recovery [17].
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Assistive technologies supporting robot-assisted and gravity-balancing training are therefore now under
investigation as a means of increasing and standardizing the scope of therapy and assessment for
stroke rehabilitation. These devices facilitate intensive, high-dose and repetitive exercises of activities of
daily living (ADL), and may also support the therapists by an objective assessment of the upper limb. In
this context, the gravity-balancing support by a seven degree-of-freedom arm exoskeleton may be
particularly useful during the rehabilitation training and assessment of severely affected stroke patients
[18, 19]. Together with other assessment options, this arm exoskeleton, a version of which is now
commercially available, is suitable for real-time recording of wrist/arm/shoulder movements and �nger
strength.

In this context, extended custom-made soft- and hardware applications have been implemented and
investigated to augment the functionalities: Online feedback of extent of movement and quality for the
assisted ADL-like exercises [7, 8], closed-loop task di�culty adaptation of these virtual reach-to-grasp
tasks [9], and hybrid exoskeletons including adaptive neuromuscular stimulation [20], additional brain
control [21] and robotic support with active actuation [22].

It is, however, important to determine the convergent validity of these exoskeleton-based assessments,
i.e., the degree to which the correlation of metrics to clinical scales is consistent with the hypothesis [1].
The Fugl-Meyer assessment [5] is still the gold standard and is commonly used for clinical movement
assessment in hemiparetic stroke patients. Excellent interrater and intrarater reliability have been
demonstrated, and the score is responsive to changes in motor impairment [23]. This assessment is,
however, known to have its limitations. One study suggests that the sensory scale’s psychometric
properties should not be used to assess chronic stroke patients [24]. The pain domain could be a
confounding variable to the joint range of motion, which would render it unnecessary. Moreover, distal
�ne motor functions may be underrepresented. In addition, a ceiling effect of the motor function has been
reported [25]. In this context, provided that they show convergent validity with the UE-FMA, the use of
exoskeleton-based measurements may allow for a �ner and more speci�c registration of movements [3].

Furthermore, the UE-FMA is relatively time-consuming and cannot be performed in the context of an
exercise session, e.g., to track the improvement during a training period. With the assessment task
presented here, detailed information about the progress on the impairment level can be provided during
each training unit with minimal additional time expenditure. Importantly, this information is not
confounded, as the task is self-contained and speci�ed for the evaluation of motor impairment [1]. In
particular, this assessment task does not include those training tasks applied during exoskeleton-based
therapy, and the results pertaining to upper limb function are, therefore, not confounded by task-speci�c
learning effects [6].

Our setup contained an integrated virtual reality module to provide immediate and continuous feedback
of the movement extent. Such approaches are vital to motor learning in rehabilitation [7, 9, 26] and have
been expanded here to the area of instrumental assessment. In this context, virtual reality is often used to
provide feedback and might be bene�cial during rehabilitation [8, 27-29]. To build an interactive interface
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for such purposes, movement data from the patients is acquired by various mechanical or optical
systems, e.g., CyberGlove [30], orthotic exoskeletons [18], gaming systems [31-33], or in combination with
robotic systems for haptic feedback such as Rutgers Master II-ND haptic glove, MIT-Manus [34] or ARMIN
[35]. Devices such as the Armeo Spring, ARMIN [35], Pneu-Wrex [36], ULEXO7 [37], have the advantage of
providing at least partial kinematic registration of the upper extremity movement for different joints. By
contrast, systems such as the MIT-Manus  [34], ReaPLAN [38, 39], ReoGo [40], Planar robot [40], and
PUPArm [41] allow for endpoint-based alignment. With these devices, the movement of the shoulder and
upper arm is estimated as a surrogate parameter, and not directly via sensors. The algorithm proposed in
this study can be easily transferred to those former systems that allowed the registration of the different
joints. This approach would, therefore, provide a standardized assessment that could be performed on
different devices and enable better comparisons of the studies.

We assessed all single-joint angles in a standardized fashion that is often applied in the clinical context
of neurological and orthopedic evaluations (i.e., beginning from the normal zero position with 90 degrees
distance between forearm and upper arm). This distinguishes our approach from previous methods for
kinematic movement assessment that were acquired during speci�c exercises with more complex
movements [42]. Furthermore, various biomechanical parameters are often used for classi�cation such
as inter-joint coordination [43, 44], temporal e�ciency [45-47], movement speed [48-50], smoothness [51]
or accuracy [52]. Such classi�cation algorithms tend to be rather device-speci�c and are not easily
transferable to other hard- and software settings. Furthermore, sometimes even elaborate models are
necessary, using, for example, arti�cial neuronal networks, to generate clinically relevant parameters [53].
On the whole, a large number of the identi�ed kinematic parameters were derived from existing exercises
within individual systems and compared with the UE-FMA score. Range-of-motion-based evaluation
systems, for example, are available for task-related assessments [54, 55]. However, only very little data is
available concerning single-joint-based movement assessment of, for example, wrist motion [56] or elbow
movement [57]; moreover, no signi�cant results are available for these approaches. Only when shoulder
rotation was included, were signi�cant correlations with clinical scores reported [58, 59]; this was also the
case when compensatory movement patterns, which contribute to pathological upper arm coordination,
were investigated [52, 60].

The choice of task, measurement system and metrics for the presented upper limb kinematic assessment
addressed �rst and foremost the impairment level of severely affected patients who were unable to
perform these movements without gravity-balancing. We demonstrated that shoulder rotation, a
frequently neglected proximal component of kinematic assessments of the upper limb [3], was the
measure with the most relevant contribution to the prediction of the clinical outcome measure. This may
be related to the characteristics of the applied clinical outcome measure for stroke patients, i.e., the UE-
FMA scale. The over-representation of the shoulder in the different evaluation tasks, a known feature of
the UE-FMA, contributes to the overall score [25].

The second-best parameter that predicted the clinical status was, notably, the grip force, which tends to
be under-represented in the UE-FMA. This �nding may suggest that this fairly straightforward
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instrumental measure – which can be easily acquired even without an exoskeleton – may be best suited
to a practical quanti�cation of clinically relevant kinematics in a wide variety of patients after stroke.
However, future work would need to study larger and independent sample sizes to con�rm the predictive
properties of these kinematic parameters. Furthermore, as there is no benchmark to compare the range of
motion measured with the exoskeleton, in future work, participants may perform the task twice with two
different operators to provide a measure of repeatability.

Conclusion
In conclusion, exoskeleton-based feedback of single-joint angles and grip force facilitates the rapid
kinematic assessment of the range of motion of the upper limb after stroke with high structural and
convergent validity. Important features of our approach were self-contained assessment tasks, minimized
exoskeleton-patient interaction and biomorphic virtual reality feedback. Proximal and distal measures
may contribute independently to the prediction of the clinical status.
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Figures

Figure 1

Subject with exoskeleton (in the center); 3D visualization of the instructed movements of the �ve
assessment tasks.
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Figure 2

Boxplots of kinematic assessment results of all patients
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Figure 3

Scatter plots with Pearson correlation between clinical (UE-FMA scale) and kinematic parameters (grip
force, wrist/elbow/arm/shoulder movement)
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Figure 4

Exemplary real-time kinematic data of patients 1, 5 and 15 of the �ve tasks.


