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Abstract— Traditional Mirror Therapy (MT) is a rehabilita-
tion technique that uses the reflection of a patient’s unaffected
limb to encourage movement in the affected limb, promoting
neural recovery after a stroke. With the development of
robotics, a new field emerged: Robotic Mirror Therapy (RMT).
However, most existing RMT devices are not suitable for Point-
of-Care (POC) as they are too expensive, cumbersome, and
difficult for post-stroke patients to don and doff independently.
Our system aims to provide a hand-finger rehabilitation so-
lution that integrates a 21-Degree-of-Freedom (DoF) parallel
manipulator (5 active DoF) and a motion sensor, paired with a
Virtual Reality (VR) piano task with three modes of operation
inspired by RMT, Robotic Therapy (RT), and MT. This design
is portable, affordable, and user-friendly, making it more
accessible for POC therapy. The VR piano tasks are based
on Discrete Sequence Progress Tasks (DSPTs), which engage
the brain regions responsible for executing fast sequential
actions—the same regions used in Activities of Daily Living
(ADL). The system operates in a student-teacher configuration,
where the teacher (motion sensor) captures the movement of the
unaffected hand, and the student (manipulator) mirrors these
movements on the affected hand, creating a closed neurological
loop. Tested with 16 healthy participants, our system’s RMT
showed potential for motor skill acquisition, particularly in task
performance, outperforming its RT counterpart.

Index Terms— Discrete Sequence Progress Tasks; Exoskele-
ton; Mirror Therapy; Robotic Mirror Therapy; Stroke; Virtual
Reality.

I. INTRODUCTION

Stroke remains a leading cause of death globally, with 1.12
million new cases recorded in Europe in 2017. This figure
is projected to rise by 3% by 2047, while the number of
stroke survivors is expected to increase by 27%, reaching
12.11 million [1]. Although mortality rates dropped by 18%
from 2010 to 2019, stroke continues to be the primary cause
of long-term disability, generating healthcare costs of 45
billion annually [1]. Traditional rehabilitation methods, such
as the Bobath Method and Constraint-Induced Movement
Therapy (CIMT), are commonly employed to promote motor
recovery. However, these techniques often foster compen-
satory strategies rather than genuine motor rehabilitation,
limiting functional gains [2]. Distal limb rehabilitation poses
particular challenges, as fine motor control is crucial and
recovery is complicated by the increased neural distance
from the brain [3].

To overcome these challenges, Discrete Sequence Progress
Tasks (DSPTs) have emerged as an effective method to
reinforce motor learning. DSPTs involve structured move-
ment sequences, such as key presses, activating pre-planning
and real-time execution mechanisms [4]. This structured
repetition helps patients develop fine motor skills vital for

Activities of Daily Living (ADL), including buttoning shirts
and tying shoelaces.

The integration of Virtual Reality (VR) into DSPT envi-
ronments enhances immersion and engagement, facilitating
greater motivation and gamifying the rehabilitation process.
VR systems provide repetitive, intensive exercises essential
for neuroplasticity while offering real-time feedback. Re-
habilitation Gaming Systems (RGS) leverage VR to create
task-oriented exercises that engage stroke-affected neural
pathways, dynamically adjusting difficulty in response to
patient performance to promote skill transfer to real-life
activities [S]. The use of mirror neuron principles, where
patients observe virtual limbs reflecting their actions, further
enhances motor outcomes [6].

Robotic Mirror Therapy (RMT) combines VR and robotic
systems to synchronize limb movements and promote neu-
roplasticity and motor recovery [7]. However, existing RMT
devices are often costly and confined to clinical environ-
ments, limiting their accessibility for point-of-care (POC)
treatment. Devices such as the ARMin V [9] and Lokomat,
priced at around $235,000 !, exemplify the financial and
logistical barriers preventing widespread adoption, especially
in home-based rehabilitation.

To address these limitations, the STAR-eX (Student-
Teacher Assistive Rehabilitation Exoskeleton) was developed
to facilitate fine finger movement rehabilitation in stroke
patients. The STAR-eX employs a student-teacher configura-
tion, where a motion sensor tracking the healthy hand guides
the unhealthy hand via an exoskeleton, whilst interacting
with VR piano-playing tasks. This design emphasizes bilat-
eral training and ADL-focused exercises, fostering improved
distal limb recovery. The STAR-eX prioritizes affordability,
portability, and user-friendliness, offering a practical alterna-
tive to conventional rehabilitation systems.

II. BACKGROUND

Student-teacher systems have emerged as a key focus in
rehabilitation technology due to their ability to enable real-
time control and replicate movement patterns accurately.
These systems typically consist of a teacher device controlled
by the patient’s healthy limb and a student device that
mirrors the movements on the impaired limb, providing
active, coordinated assistance.

While each system offers a unique approach to building
a student-teacher rehabilitation device, systems that have

'https://www.umms.org/rehab/health-services/
therapeutic—-technology/lokomat-therapy



undergone patient or participant testing provide valuable
insights into real-world effectiveness. For example, Beom
et al. [13] tested their system on six participants, including
one post-stroke patient, showing improvements in the Fugl-
Meyer Assessment (FMA) and reduced spasticity. Similarly,
Diez et al. [14] demonstrated enhanced motor function in
six post-stroke patients. To better understand the current
landscape, we categorized these systems based on mobility,
VR integration, and cost. Mobility indicates the system’s
portability and ease of use, VR integration assesses the
presence and type of virtual task, and cost reflects the esti-
mated system’s affordability - based on size, power unit type,
custom materials, and materials cost. Table I summarizes
these characteristics across various studies.

TABLE I: Student-Teacher System Specifications

Source Mobility | VR Cost
Bae et al. [11] Low None High
Beom et al. [13] Low None Medium
Diez et al. [14] High No ADL focus | High
He et al. [15] High No ADL focus | Medium
Kim et al. [16] High None Low
Luo et al. [17] Low None High
Pu & Chang [12] Low None High
Ramlee & Yusoff [18] Medium None Medium
Ruggiu & Rea [19] Medium | None Medium
STAR-eX - AM Mode | High ADL focused Low

As shown, the STAR-eX system stands out for its High
mobility, Low cost, and ADL focused VR integration, lever-
aging State-of-the-Art (SotA) technologies like the Leap
Motion Controller.

III. METHODOLOGY

A. STAR-eX System Components

Fig. 1: Experimental Setup: To the left is the Leap Motion
Controller, to the right the 21-DoF manipulator, and the piano
task being processed via Unity Engine.

The Leap Motion Controller captures skeletal hand
data using infrared cameras and computer vision, with sub-
millimeter precision. Its 140x120° field of view, 10-60 cm

range, and 120 Hz tracking support real-time motion and
flexible mounting?.

The Parallel Manipulator® uses five micro servos con-
trolled by an Arduino Uno to provide 5 active and 16
passive DoF, enabling versatile hand positioning. Workspace
boundaries depend on the passive joints near the metacarpal
region.

The passive joints influence workspace limits, particularly
at the Proximal Interphalangeal (PIP) and Distal Interpha-
langeal (DIP) joints. Figure 2 shows fully collapsed and
extended workspace boundaries, highlighting active (green)
and passive (red) revolute joints.

(a) Index Finger and (b)
Revolute Joints Workspace

Collapsed (c)
Workspace

Extended
Fig. 2: Active and Passive Revolute Joints

Human biomechanical constraints further limit the Range
of Motion (RoM), requiring processing algorithms to ensure
the manipulator does not harm users.

The VR Interface uses the LeapC* Unity package to
interface with the motion sensor. The structured pipeline
records participant data, provides feedback via animations,
and uses visual cues to guide key presses [3].

Fig. 3: Piano Key Cues - Correct, , Incorrect Key Press

System Cost: The system costs approximately €168,
with key components including the Leap Motion Controller
(€113), Arduino Uno (€19), and five micro servos (€15).
Additional expenses cover parts like thimbles, bolts, and a
small circuit board.

’https://www.ultraleap.com/datasheets/Leap_
Motion_Controller_Datasheet.pdf

3https://github.com/BerkeleyCurtis/EECS249_
HapticGlove/tree/main

“https://docs.ultraleap.com/api-reference/
tracking-api/leapc-guide.html
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Fig. 4: Overview of the STAR-eX architecture, depicting the interaction between Unity FSM, Arduino FSM, and the smooth

trajectory guidance system.

B. Internal STAR-eX Architecture

The STAR-eX’ system integrates a student-teacher ar-
chitecture, using Finite State Machines (FSMs) and smooth
trajectory guidance for data flow and servo actuation. Unity
tracks user input, while an Arduino-based control system
executes precise servo movements, ensuring responsive be-
havior.

Figure 4 illustrates the architecture, showing how data
flows from the VR piano task to physical actuation. An
event ¢;, such as a key press or release, triggers a sequence
of computations and state transitions in Unity and Arduino
FSMs, leading to smooth servo movements.

1) Unity Finite State Machine (FSM): The Unity FSM
acts as the teacher, processing VR piano task events and
transmitting desired angles (6;) to the Arduino FSM. It
monitors MCP joint angles to detect key press events. Each
finger is tracked separately to minimize sensor noise and
overload.

When a finger’s MCP angle exceeds a threshold (¢;7),
Unity signals a key press, remaining in the “down” state
until the angle falls below the release threshold (z,7). Unity
outputs the key state (up or down) and desired angle (6 ,)
for the Arduino FSM to calculate smooth servo trajectories.

The event equation governing the input event type e; is
defined as follows:

e; € {up,down} ()

2) Arduino Finite State Machine (FSM): The Arduino
FSM, as the student, executes commands received from
Unity. It operates with separate FSMs for each finger to
ensure reliable performance. Each finger’s FSM goes through
four primary states:

« Idle: No movement detected.

e Down: Activated on receiving key press signal.

e Pressed: Holds the servo at the desired angle.

o Up: Initiates release when the key press signal clears.

This state sequence ensures smooth, jitter-free servo move-
ments, avoiding interference and parasitic torque effects from
the fingers.

3) Smooth Trajectory Guidance: The Arduino FSM em-
ploys smooth trajectory guidance to ensure natural servo
movements. Using the equations provided, intermediate an-
gles are computed between consecutive states, and the
smoothing factor (&) is applied to transition angles incre-
mentally. This method minimizes abrupt movements and
enhances stability.

The equations governing the smooth trajectory guidance
are as follows:

6, =6y ,+alAb;, o=0.1 2)

Aed,' = ed,' - ed,',l (3)

Here, 6, represents the servo’s current angle, 6, is the
desired angle, and o is the smoothing factor.
The trajectory is computed as follows:

1) Calculate the angle difference (A8;,) between current
and desired states.

Apply the smoothing factor (&) to determine the in-
cremental step.

Update the servo angle (6;) until the desired angle (6;,)

is reached.

2)

3)

This approach ensures responsive and precise finger move-

Shttps://github.com/Acadac/Student-Teacher-Rehabilitaneats,saligaing with the VR piano task.



C. User Study

1) Overview: The experiment involved 16 participants (9
males, 7 females), aged 20-55 years, conducted at Instituto
Superior Técnico. Fifteen participants completed three con-
dition protocols—Active Mirror (AM), Kinesthetic (K), and
Passive Mirror (P)—while Participant O completed only the
P and K protocols.

2) Condition Training Protocols: Participants were sub-
jected to three distinct condition training protocols, each
designed to simulate different rehabilitation approaches:

AM - Active Mirror: The manipulator mirrors the move-
ments performed by the teacher (left) hand, piano playing,
and forces these movements onto the student (right) hand.
This protocol aims to simulate RMT by combining the prin-
ciples of mirror therapy with robotic assistance to enhance
the rehabilitation experience.

K - Kinesthetic: In this protocol, the manipulator is
controlled by the computer to enforce the correct key presses
on the student (right) hand, regardless of the movements
made by the teacher hand. This externally guided approach
simulates traditional RT, where the device assists the user in
completing the required tasks.

P - Passive Mirror: Here, the teacher (left) hand performs
the piano tasks, but the manipulator is not engaged, and no
movements are transmitted to the student (right) hand. This
protocol represents standard MT, focusing on self-directed
training without robotic intervention.

3) Research Questions: The study aimed to address two
key questions, evaluating the effectiveness of Robotic Mirror
Therapy (RMT) compared with traditional Mirror Therapy
(MT) and Robotic Therapy (RT):

A (RMT vs MT) - Does adding a robotic exoskeleton
enhance the efficacy of mirror therapy for stroke rehabilita-
tion?

B (RMT vs RT) - Does incorporating mirror therapy
improve the performance of assistive exoskeletons in stroke
rehabilitation?

4) Experimental Design: The experiment employed a pre-
test/post-test design across three training protocols (AM,
K, P), each associated with five unique Discrete Sequence
Progress Tasks (DSPTs). Participants completed the tasks
using specific finger-to-key mappings: the thumb for A, the
index finger for B, the middle finger for C, and the pinky
finger for E. The ring finger (D) was not included due to
inconsistent kinematic data from the Leap Motion Controller.

During both the pre-test and post-test phases, participants
used their “’student” hand to play each DSPT sequence
once. The sequences used were AECECACECABAEBECB,
AECBAECACEB, CEABECABEBABCAEBC, ACEABACBE-
CABCAE, and BEBECEABEA. However, the key distinction
lies in the post-test phase: before this phase, participants
underwent a training session with their teacher” hand. This
training involved five repetitions of each DSPT using the
assigned protocol (AM, K, or P). The training aimed to eval-
uate the effects of practice on the subsequent performance
during the post-test phase.

condition
training

Pre-Test DSP

Post-Test DSP

measurements measurements

Try 1x each Repeat 5x each Try 1x each
(of the 5) (of the 5) (of the 5)
available DSP available DSP available DSP.

Fig. 5: Experimental Block. Each block includes three
phases: Pre-Test - Participants complete each DSPT once
with their student hand, without the manipulator. Condition
Training - Five repetitions of each DSPT are completed
using the teacher hand following the assigned protocol (AM,
K, or P). Post-Test - Participants repeat each DSPT once
more with their student hand, free from the manipulator.
Wash-Out Intervals of 5 minutes are provided between
blocks to reduce learning carry-over effects.

5) Farticipant Setup: Prior to beginning the experiment,
participants completed the Edinburgh Handedness Inventory
(EHI) questionnaire and engaged in a 5-minute warmup ses-
sion. This warmup involved playing a simple ABCE sequence
using the manipulator and motion controller integrated via
the Unity engine. This familiarization ensured participants
were comfortable with the device and task requirements.

6) Data Collection: Data collection focused on several
metrics: the completion time for each DSPT in both the pre-
test and post-test phases, the timing and number of correct
and incorrect key presses, and the kinematic data (specifically
MCP joint angles) for the AM and P conditions during
training and test phases. Data from the ring finger were
omitted due to the aforementioned issues with the Leap
Motion Controller.

7) Participant Feedback: Participants completed the Sys-
tem Usability Scale (SUS), a ten-item questionnaire that
provides a reliable measure of system usability on a scale
of 0 to 100, with higher scores indicating better usability,
to assess the usability of the system after completing the
experiment.

D. Data Formulation

The experimental data consists of time differences, inter-
key intervals, errors and kinematic data.

The average task completion time was calculated for both
pre- and post-test stages to assess improvements:

):?:] time(DSPT;)pre:post
5

“4)

t_Pre;Post =

The Inter-Key Interval (IKI) measures the time between
successive correct key presses, averaged across the five
repetitions, to evaluate timing consistency:

IKI =ty — 1 (5



Error data, including error percentage and the Error Ef-
ficiency Ratio (EER), was analyzed to assess accuracy and
error reduction across the pre- and post-test stages:

> errors(DSPT; ) pre:post
Y2, presses(DSPT;)pre;post

errorsg, = (6)
5 _yS
Y ;| eITOrSpre — )7 | EITOTSPog

EER = =
Y, errorspee

(7

For the kinematic analysis, we calculated the mean veloc-
ity, acceleration, and jerk of the MCP joint angles during the
pre- and post-test phases across all sequences. Specifically,
we determined the average (mean) velocity for each training
condition and sequence during both the pre-test and post-
test phases. These values were then utilized in the following
formula to compute a Hand Index (HI), which provides an
aggregate measure of how the training conditions influenced
overall hand performance:

\/ Z f€Fingers (Amean(Pre;Post)f ) 2
I= 4
Here, HI evaluates the variation in mean velocities across
all fingers. A higher HI value indicates greater inconsistency
in hand movements and suggests reduced motor control
stability resulting from the training conditions.

H

®)

IV. RESULTS & DISCUSSIONS
A. Time Differences

The difference of the average time taken per participant
between the pre- and post-tests were calculated for each
condition to determine task completion improvements.

s N.S. Statistical Test
mm Wilcoxon

o o = ANOVA

30 o NS,
M1 TialType
o o - Pre
° Post

o
20
15
10
passive Mirror Active Mirror

Kinesthetic

Time (seconds)

Condition

Fig. 6: Pre- vs Average Time Difference for All
Conditions. This box plot compares the average time taken
between the Pre-Test and across the (K), (P),
and (AM) conditions. The (P) condition achieved significant
statistical relevance with a p-value = 0.0076.

The P Condition showed the greatest improvement in task
completion time, with the average decreasing from 15.90 to
13.39 seconds and the median from 14.57 to 12.92 seconds.
Performance variability also decreased, as indicated by a
reduction in standard deviation from 5.46 to 2.88 seconds..

The AM Condition saw a decrease in average time from
15.23 to 13.59 seconds and a median reduction from 14.65 to
13.74 seconds. Standard deviation dropped from 4.70 to 2.93
seconds, but the improvement was not statistically significant
(p = 0.2794).

The K Condition exhibited minimal change, with the
average decreasing from 16.24 to 15.52 seconds and the
median from 15.62 to 14.35 seconds. Variability remained
high (standard deviation: 5.44 to 5.20 seconds), and results
were not statistically significant (p = 0.9799).

B. Inter-Key Interval

The Inter-Key Interval (IKI) analysis measured changes
in the timing consistency between successive key presses,
providing insight into participants’ timing and precision.

Trial Type
-
o Post

Statistical Test
== wilcoxon
- ANOVA

Kinesthetic Passive Mirror Active Mirror
Condition

Fig. 7: Pre- vs IKI Difference for All Conditions.
This box plot compares the IKI difference between the Pre-
Test and across the three conditions: Kinesthetic
(K), Passive Mirror (P), and Active Mirror (AM). Both the
Passive Mirror and Active Mirror conditions demonstrated
significant changes in IKI, with p-values of 2.31 x 10~* and
0.019 (both Wilcoxon), respectively.

The P Condition showed the greatest improvement in
timing consistency, with mean IKI decreasing from 1.0179
to 0.8715 seconds and median IKI from 0.9180 to 0.8195
seconds. Variability reduced significantly, as indicated by a
drop in standard deviation from 0.3367 to 0.1925 seconds.
This change was statistically significant (p = 0.0002).

The AM Condition showed a slight improvement, with
mean IKI decreasing from 1.0454 to 0.9587 seconds and
median from 0.9520 to 0.8970 seconds. Standard deviation
decreased from 0.2925 to 0.2331 seconds. This result was
statistically significant (p = 0.0193).

The K Condition exhibited minimal change, with mean
IKI decreasing from 0.9872 to 0.9278 seconds and median
IKI remaining stable (0.9045 to 0.9070 seconds). Variability
showed a slight increase, but results were not statistically
significant (p = 0.2329).

C. Error Data Analysis

The analysis of error data provides insights into accuracy
improvements by comparing changes in error percentages



and the Error Efficiency Ratio (EER) across the pre- and
post-tests.

0 —e

120

Kinesthetic Active Mirror

Fig. 8: Pre- vs Error Percentage Difference for
All Conditions. This box plot compares the percentage of
errors increased or decreased in the from the Pre-
Test and across the three conditions: Kinesthetic (K), Passive
Mirror (P), and Active Mirror (AM). There was no statistical
relevancy in the results.

Fig. 9: Error Efficiency Ratio for - P, and K Conditions.
EER = 0 means same amount of errors pre- and post-test.

In the P Condition, error percentages decreased, with the
mean dropping from 10.00% to 7.77% and the median from
6.43% to 5.71%. Standard deviation reduced from 9.61%
to 5.37%, indicating more consistent performance. Despite
these improvements, results were not statistically significant
(»p = 0.3274), with 43.75% of participants reducing their
EER.

The AM Condition showed notable improvements, with
mean error dropping from 11.91% to 7.05% and median from
10.00% to 4.29%. Standard deviation decreased from 11.35%
to 6.07%, reflecting greater accuracy and consistency. Al-
though results were not statistically significant (p = 0.0867),
78.75% of participants had positive EERs.

The K Condition exhibited minimal changes, with mean
error slightly decreasing from 16.34% to 15.71% and median
from 6.43% to 5.71%. Variability increased, as standard

deviation rose from 31.61% to 36.09%. Results were not sta-
tistically significant (p = 0.5619), with 62.5% of participants
improving and 12.5% maintaining their EERs.

D. Kinematic Data Analysis

The kinematic data analysis examined velocity, accelera-
tion, and jerk for various sequences in each condition. The
tables below summarize the Hand Index (HI) values for each
sequence under the K Condition, P Condition, and AM
Condition.

When looking at every sequence’s Hand Index (HI), the
following values were obtained:

TABLE II: Hand Index Velocity Table for Every Sequence

Sequence K Condition P Condition =AM Condition
BEBECEABEA 47.28 22.01 13.94
CEABECABEBABCAEBC 14.68 16.70 29.93
ACEABACBECABCAE 46.57 35.11 32.13
AECBAECACEB 31.43 43.18 33.66
AECECACECABAEBECB 28.16 57.49 12.33

TABLE III: Hand Index Acceleration Table for Every Se-
quence

Sequence K Condition P Condition =AM Condition
BEBECEABEA 22498.50 13879.67 65046.27
CEABECABEBABCAEBC 12054.26 12746.71 35720.78
ACEABACBECABCAE 2294.62 12803.37 23100.29
AECBAECACEB 21259.09 39987.24 37302.23
AECECACECABAEBECB 21873.47 16140.94 17640.30

TABLE IV: Hand Index Jerk Table for Every Sequence

Sequence K Condition P Condition =AM Condition
BEBECEABEA 2983000.83 1604037.57 4734662.27
CEABECABEBABCAEBC 1501835.53 807787.39 352576.69
ACEABACBECABCAE 757060.40 1273183.53 2800062.03
AECBAECACEB 1350504.57 2167169.89 3454579.53
AECECACECABAEBECB 679343.68 1676902.19 1076054.13

This analysis reveals that the AM Condition generally
exhibits lower variability in velocity compared to both the
K Condition and P Condition. However, it shows higher
variability in acceleration and jerk across 80% of sequences
relative to the K Condition and in over 60% of sequences
relative to the P Condition.

E. Active Mirror vs Kinesthetic Conditions

The AM and K conditions reveal distinct effects on motor
skills. The AM Condition led to a significant reduction in
task time, suggesting participants developed efficient strate-
gies, influenced by RMT feedback. Error reduction trends
were similar, though AM showed 3.75% better outcomes
and more error retention than K, with three additional IKI
improvements, indicating more consistent skill refinement.
Kinematics showed that the AM Condition had lower ve-
locity variability but high acceleration and jerk variability,
indicating inconsistent transitions. In contrast, K Condition
maintained lower variability across all measures, supporting
superior motor control with stable movements.



Overall, the K Condition excelled in refining motor con-
trol, promoting precise movements. Meanwhile, AM Condi-
tion fostered better task performance and active engagement,
encouraging motor skill development with a self-directed,
bimanual approach inspired by RMT.

F. Active Mirror vs Passive Mirror Conditions

The comparison between the AM and P conditions showed
both improved task completion time, but P achieved a greater
reduction (2.5 seconds) with statistical significance (p-value
= 0.0076), suggesting rapid adaptation likely from MT.
In error reduction, P showed slightly lower improvement
but higher retention than AM. For IKI, 14 P participants
improved (p-value =2.31e —04) versus 10 in AM (p-value =
0.019). Kinematics supported P, showing lower variability
in acceleration and jerk compared to AM, which exhibited
high variability in 60-80% of sequences. This stability in P
suggests classical MT offers a more consistent motor control
foundation. The predominantly right-handed participants in
P may have naturally leveraged their dominant side, enhanc-
ing performance, though future studies with more diverse
samples could clarify STAR-eX and RMT benefits.

V. CONCLUSIONS

This study evaluated the efficacy of STAR-eX’s RMT in
comparison to its RT and MT modes for enhancing motor
skill and control. While the small sample size limited the sta-
tistical significance, the results suggest that the RMT mode
led to greater motor skill enhancement compared to the RT.
However, in terms of motor control refinement, STAR-eX’s
MT mode demonstrated superior skill acquisition and control
improvement, benefiting from dominant-hand reliance and
minimal device constraints.

Several limitations were identified in the study. The sample
of right-handed participants limited the generalizability of
the findings, particularly regarding kinematic data. Sensor
adaptation issues, notably with the ring finger’s MCP joint,
impacted data quality, highlighting the need for better finger
tracking and calibration. Biomechanical differences between
participants emphasized the importance of personalized FSM
calibrations. Additionally, hardware limitations, such as
single-key presses, restricted task complexity. Future work
should address these limitations by incorporating Bluetooth
connectivity to enhance task versatility and the system’s
usability in therapeutic contexts.
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