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SUMMARY:
This paper details the step-by-step construction of a modular, sensorized platform and the implementation of a comprehensive assessment protocol. Together, they provide a standardized setup for synchronizing kinematic, behavioral, and neurophysiological data during multimodal upper-limb reach-and-grasp assessments.

ABSTRACT:
Objective and quantitative evaluation of upper-limb motor function remains challenging, as conventional clinical tests and many digital assessment tools primarily focus on isolated behavioral outcomes. A comprehensive characterization of motor function requires the integration of complementary measures capturing movement execution, muscle activation, and cortical activity. Here, we present reaching and grasping upper-limb assessment (ReGULA), a standardized multimodal framework for quantifying upper-limb motor abilities during functional reach-and-grasp-transport tasks, together with guided reaching and repositioning adjustable assessment platform (GRRAASP), a modular and sensorized device designed to support the ReGULA implementation. Conceived around the key principles of modularity, standardization, and synchronization, GRRAASP provides a highly versatile tool for research in motor control and in clinical assessment. It enables the synchronized acquisition of behavioral, kinematic, electromyographic (EMG), and electroencephalographic (EEG) signals across different movement phases, while its open architecture allows for the integration of any complementary acquisition modality. Here, we detail the step-by-step construction of the GRRAASP platform, the implementation of the ReGULA protocol, and the extraction of quantitative performance indicators covering multiple motor abilities. To demonstrate the GRRAASP application, it was tested in 30 healthy participants, providing population-level reference distributions of neurophysiological and kinematics metrics, and illustrating its ability to characterize individual differences in motor strategies. ReGULA and GRRAASP provide a flexible and reproducible research framework for multimodal upper-limb motor assessment, supporting the investigation of neuromechanical control, compensatory strategies, and motor recovery.

INTRODUCTION:
Objective and quantitative assessment of upper-limb motor function remains a major challenge in neurorehabilitation and movement science1. Clinical scales such as the box and blocks test (BBT), nine-hole peg test (NHPT), action research arm test (ARAT), Jebsen-Taylor hand function test (JTHFT), Southampton hand assessment procedure (SHAP), grasp and release test (GRT), and Fugl-Meyer assessment for the upper extremity (FMA-UE) are widely used to evaluate dexterity and functional performance2–8. While these assessments are clinically valuable and standardized, most of them primarily rely on observational scoring or endpoint-based metrics and therefore provide only a partial description of upper-limb motor behavior. 

To overcome some of these limitations, several groups have recently introduced digital and sensorized versions of traditional clinical assessments. Virtual implementations of the BBT employ camera-based tracking and automated scoring systems to improve accessibility and support remote assessment while enabling the extraction of quantitative kinematic information such as trajectory and movement time9. Computer-vision approaches further extended these concepts through markerless hand tracking, automated block counting, and motion analysis using standard RGB cameras or smartphones10,11. Augmented- and virtual-reality implementations of the BBT additionally demonstrated strong agreement with traditional physical assessments while improving portability and automation12,13. Similar efforts have been proposed for the JTHFT through vision-based or artificial intelligence (AI)-assisted quantification pipelines14. Sensorized objects such as the virtual egg test or the electronic grip gauge were additionally developed to quantify grasp stability, dexterity, and force modulation during object manipulation15,16. Although these technologies improve objectivity and quantitative characterization, most remain limited to isolated motor domains, focusing predominantly on behavioral or gross kinematic outcomes without simultaneously capturing the neural and muscular correlates of movement execution. Similarly, systems such as the temporal data acquisition instrument (TDAI) provide quantitative temporal and kinematic characterization of reaching performance but do not integrate multimodal neurophysiological measurements17.

More recently, it has become increasingly evident that a comprehensive evaluation of upper-limb function requires moving beyond traditional clinical scales and isolated behavioral outcomes toward a multidimensional characterization of motor control, able to provide a more comprehensive characterization of motor abilities relevant for the activities of daily living18–20. Motor performance emerges from a complex cascade of processes spanning movement planning, sensorimotor integration, muscle activation, and biomechanical execution. Consequently, similar behavioral outcomes can arise from different underlying neural and neuromuscular strategies, potentially masking residual impairments or compensatory mechanisms when assessment relies exclusively on task completion or performance scores. As proposed by Garro et al., there is a need to integrate information from the central nervous system, peripheral muscular activity, and movement biomechanics to obtain a more complete and physiologically meaningful representation of upper-limb function21. In this context, electroencephalography (EEG) provides information on cortical activity associated with motor planning and execution, electromyography (EMG) captures muscle activation and neuromuscular coordination, while kinematics quantifies the characteristics of outcome movement. Their combination, therefore, enables the interpretation of movement performance in relation to its cortical, muscular, and biomechanical correlates, potentially providing more sensitive measures for motor assessment and rehabilitation monitoring. This is particularly relevant because activities of daily living, such as reaching and grasping, emerge from the coordinated interaction of perceptual, cognitive, neural, muscular, and biomechanical processes spanning both central and peripheral systems1. 

Previous studies combining EEG, EMG, motion capture, or computer-vision techniques demonstrated the relevance of multimodal analysis for investigating motor recovery, grasp representations, and corticomuscular coordination22,23. A detailed analysis of previous works is provided in Table 119,22–27. However, many of these approaches rely on constrained laboratory paradigms, isolated reaching conditions, or non-standardized protocols with limited ecological validity and adaptability to clinical settings19. Therefore, there remains a need for standardized and adaptable frameworks capable of synchronizing neural, muscular, biomechanical, and behavioral information during ecologically meaningful upper-limb tasks.

To address this need, we developed the reaching and grasping upper-limb assessment (ReGULA) framework, a standardized multimodal protocol for the quantitative evaluation of upper-limb motor function during functional object-interaction tasks. ReGULA builds upon the neuromechanical biomarkers for upper limb assessment (NeBULA) framework, originally developed by our group to characterize reaching performance through synchronized acquisition of neural, muscular, kinematic, and behavioral signals during standardized reaching movements28. While NeBULA focused primarily on the reaching component of upper-limb actions, ReGULA extends this approach by incorporating grasping and object manipulation, thereby enabling the assessment of more ecologically valid motor behaviors representative of activities of daily living.

To support the implementation of ReGULA, we developed the guided reaching and repositioning adjustable assessment platform (GRRAASP), a modular and sensorized device specifically designed for standardized reach-grasp-transport assessments. GRRAASP was conceived around three key principles: modularity, standardization, and synchronization. The platform can be adapted to different participant anthropometries, workspace configurations, target locations, grasp types, and manipulated objects, while ensuring reproducible task execution across participants and sessions. Furthermore, it enables synchronized acquisition from multiple sensing modalities, including neural, muscular, kinematic, and behavioral systems, thereby supporting comprehensive neuromechanical characterization of upper-limb performance. 

Consistent with the work of Longatelli et al.19, ReGULA aims to derive quantitative motor abilities from multimodal measurements, providing physiologically grounded descriptors of upper-limb function rather than relying solely on task-level performance metrics. We chose the conceptual framework of Longatelli and colleagues as the basis for our experimental framework. To the best of our knowledge, it is the only one that systematically links multimodal measurements to standardized motor abilities. Additionally, we explored the integration of measures that were not originally included by Longatelli and colleagues, such as EEG measures and high-density EMG measures. We hypothesized that such measures could be highly relevant in different research and clinical scenarios as they allow the characterization of the neural bases of motor control as expressed by cortical and spinal motor-neuron activity.

By extending the neuromechanical assessment approach of NeBULA28 to reach-grasp-hold-transport actions, ReGULA enables a more comprehensive characterization of upper-limb motor function and offers a standardized framework for investigating motor impairments, compensatory strategies, and recovery processes in both research and neurorehabilitation settings. The novelty of ReGULA does not lie in the integration of multiple sensing modalities per se, but in the development of a standardized assessment framework that supports synchronized multimodal acquisition for quantitative motor assessment. 

Here we present the GRRAASP platform that we designed to provide a flexible and synchronized environment for investigating instrumented approaches to motor assessment. We provide a detailed description of the GRRAASP platform and of the procedures to assemble it. We also describe its use in one representative application scenario: a data collection on healthy subjects where the GRRAASP platform is used to synchronize high-density EEG, bipolar EMG, high-density EMG, and kinematic measures and to guide the execution of an adapted reach-grasp-hold-transport task, which incorporates different phases, including isometric, dynamic, self-paced, and time-constrained movements. From this data collection, we describe how we derived the key performance indicators suggested by Longatelli and colleagues, as a preliminary analysis providing a multifaceted quantification of motor abilities during the proposed task. 

The present work thus focuses on the description of the proposed application scenario of the ReGULA framework and GRRAASP device while also providing the results of a preliminary analysis procedure conducted on the collected data. 

PROTOCOL:
All subjects signed informed consent, and the experimental procedures were approved by the local ethics committee (CER Liguria: 784/2022 - DB id 12044). 30 healthy subjects were recruited (15 male, 15 female, age 27.3 ± 3.41 years old) with no chronic inflammatory diseases, orthopedic conditions, or neuro-muscular disorders. 

NOTE: The experimental setup included the GRAASP setup, Cometa Waveplus system (wireless acquisition system) for bipolar EMG (Fs = 2000 Hz), OTB Quattrocento for high-density EMG (Fs = 2048 Hz), mBrainTrain Smarting Pro X for high-density EEG (Fs = 250 Hz), and Xsens MVN Awinda (full-body motion capture system) for motion capture (Fs = 60 Hz). More details are provided in the Table of Materials. The experimental procedure for the protocol described here is illustrated in Figure 1. Block diagrams showing the synchronized multimodal data acquisition during task execution are shown in Figure 2. 

1. Building the GRRAASP setup 

1.1. Three-dimensionally (3D) print the objects.

1.1.1. 3D print all of the STL files in Supplementary File 1 (cylinder_0.stl, cylinder_1.stl, keygrip_0.stl, keygrip_1.stl, sphere_1.stl, sphere_2.stl, weightSupport.stl, tridigital_0.stl, tridigital_1.stl, tridigital_2.stl), using acrylonitrile butadiene styrene (ABS).

1.1.2. Glue together the parts having the same name to obtain the complete object.

NOTE: The weightSupport.stl must be printed and glued on the base of cylinder_0.stl and keygrip_0.stl. If a lead weight is needed, place it in the weight support embedded in or glued to the objects before closing them.

1.2. 3D print the components.

1.2.1. 3D print all of the STL files in Supplementary File 2 (0_baseBracket.stl, 1_middleBracket.stl, 2_topBracket.stl, 3_armLockingSocket.stl, 4_platformLockingSocket.stl, 5_platformTMount.stl, 6_platformSwivelJoint.stl, 7_armTMount.stl, 8_cableClip.stl, 9_lockingRing.stl), using ABS.

1.2.2. Glue two 2_armLockingSocket.stl components to both ends of each of the five 7_armTMount.stl components.

1.2.3. Repeat the process by gluing two 4_platformLockingSocket.stl components to the terminal parts of each of the five 5_platformTMount.stl components.

NOTE: Use the two-component glue to fix 3D printed parts together.

1.3. 3D print and attach as many 9_cableClip as needed to hold the cables.

1.4. Assemble the central structure.
 
1.4.1. Press-fit the 0_baseBracket.stl component onto the central shaft of the mobile base (office chair base), sliding it all the way down to the bottom of the shaft. 

1.4.2. Cut three PVC pipes to a length of 200 cm each and insert them into the designated slots of the bottom triangular support (0_baseBracket.stl).

1.4.3. Secure the three pipes with the M4 hex head screws. Refer to Supplementary Figure 1 and Supplementary Figure 2.

1.4.4. Slide the 1_middleBracket.stl component down the three PVC pipes until it rests securely on the top extremity of the chair's central shaft.

1.5. Attach one 9_lockingRing.stl to every socket.

1.6. Assemble the structure arms.

1.6.1. Slide two 7_armTMount.stl components onto each of the two lateral PVC poles, and slide the fifth 7_armTMount.stl component onto the central PVC pole. 

1.6.2. Cut additional PVC pipes to obtain four 55 cm poles and one 35 cm pole.

1.6.3. Insert the four 55 cm poles into the 7_ armTMount.stl supports located on the lateral vertical poles, and insert the 35 cm pole into the 7_ armTMount.stl support positioned on the central vertical pole.

1.6.4. At the end of each of these five poles, slide on a 5_ platformTMount.stl component.

1.7. Secure all the 9_lockingRing.stl to every socket. 

NOTE: Except for step 1.4.1, all other steps refer to Supplementary Figure 1.

1.8. Wire and assemble the sensorized platforms.

1.8.1. Strip one end of an Ethernet cable and select 5 insulated wires from the 4 available twisted pairs, choosing different colors to make them easily distinguishable during wiring.

1.8.2. Connect the 5 wires as follows: 1 to the light-emitting diode (LED) positive, 2 to the LED negative, 3 to the infrared sensor VCC, 4 to the infrared sensor GND, and 5 to the infrared sensor signal (OUT).

1.8.3. Drill three holes in the junction box: a 5 mm hole in the center of the lid; one in the front rubber grommet, where the LED for visual feedback is inserted; and one in the rear rubber grommet for cable routing.

1.8.4. Glue the infrared sensor inside the lid so its sensing components protrude from the 5 mm central hole. 

1.8.5. Drill a lateral hole in the junction box with a sufficient diameter, insert the 6_platformSwivelJoint.stl component, and secure it firmly with hot glue.

1.8.6. Route the Ethernet cable out of the box through the 6_platformSwivelJoint.stl, then close the junction box. Refer to Supplementary Figure 3.

1.8.7. Repeat for the remaining 9 junction boxes, for a total of 10 sensorized platforms.

1.8.8. Insert the 6_platformSwivelJoint.stl of each platform into the 4_platformLockingSocket.stl components (previously mounted on the T-supports), and lock the joint by screwing on the 9_lockingRing.stl. Refer to Supplementary Figure 1.

1.8.9. Route the Ethernet cables along the structural pipes, securing them neatly and safely using the 8_cableClip.stl cable clips.

1.9. Assemble and connect the push-button (transistor-transistor logic [TTL] Trigger).

1.9.1. Take the push-button switch and a two-wire cable.

1.9.2. Connect the first wire to the common terminal (COM) or to the 5 V logic source from the data acquisition system.

1.9.3. Connect the second wire to the button's normally open terminal.

1.9.4. Connect the other end of the cable to the DAQ system's trigger digital input pins (catalog number 1778832 in Table of Materials, refer to Supplementary Figure 6).

1.10. Set up the board.

1.10.1. Send the custom PCB layout (Supplementary File 3) to a manufacturer for production.

1.10.2. For each of the 10 platform Ethernet cables, select the 5 relevant inner wires and crimp a ferrule onto each.

1.10.3. Insert the 5 crimped wires of each cable into a male connector, matching their assigned pinout positions, then plug each male connector into its corresponding female connector on the custom PCB. Refer to Supplementary Figure 4.

1.10.4. Modify the output cable of a 12 V power supply to terminate with the designated connector (catalog number 1709442 in the Table of Materials). Refer to Supplementary Figure 6. 

1.10.5. Split the push-button cable to distribute the trigger signal to the multiple data acquisition systems (see section 2).

1.10.6. Mount two pluggable terminal blocks onto the custom PCB (FKCN 2,5/12-ST-5,08, catalog number 1754665 in the Table of Materials): one for the infrared sensors, one for the LEDs. Refer to Supplementary Figure 5.

1.10.7. Wire each pin of these terminal blocks to its corresponding I/O pin on the NI-9375 module. 

1.10.8. Insert the wired NI-9375 module into the NI cDAQ-9174 chassis. Refer to Supplementary Figure 5.

1.10.9. Connect the split power supply cable to the power input of the data acquisition (DAQ) chassis.

1.10.10. Connect a universal serial bus (USB) cable to the chassis, leaving the other end free for the control computer.

1.10.11. Connect the DAQ chassis to its own power supply, providing 24 V and 2 A.

1.11. Program the GRRAASP platform using the LabVIEW (graphical programming platform) code provided open source on GitHub: https://github.com/indyaceroni-png/GRRAASP and described in Figure 2C.

2. Synchronizing the acquisition systems

NOTE: Here, instructions for synchronizing the recording systems used in this protocol are provided, but virtually any other acquisition system capable of reading a TTL trigger can also be synchronized.

2.1. Synchronize the 400-channel high-density EMG amplifier with the GRRAASP setup.

2.1.1. Split the GRRAASP push-button cable and solder a male Bayonet Neill–Concelman (BNC) connector to the free end. 

2.1.2. Insert the connector into one of the amplifier's female BNC auxiliary inputs.

2.1.3. In the OTBioLab+ software, configure that auxiliary input as AUX Trigger.

NOTE: Every time the push button is pressed, a square wave of 5 V amplitude will be recorded from the selected auxiliary input channel of the high-density EMG amplifier.

2.2. Synchronize the full-body motion capture system with the GRRAASP setup

2.2.1. Split the GRRAASP push-button cable and connect it to a voltage divider to rescale the voltage to 0–3.3 V. 

2.2.2. Solder a male BNC connector after the voltage divider and connect it to one of the two synch in female BNC inputs on the full-body motion capture system. 

2.2.3. In MVN Analyze (full-body motion capture system analysis software), open the motion capture configuration window and go into the synch tab.

2.2.4. Add a synch setting: set Function to Start Recording (in) and Line to In1 or In2, matching the synch in input used.

2.2.5. Set Polarity to Rising Edge, Skip Factor and Skip First both to 0, and untick Trigger Once.

2.2.6. Start the acquisition manually from the main window of the full-body motion capture system analysis software. 

NOTE: The acquisition will not start until the push button of the GRRAASP device is pressed for the first time.

2.3. Synchronize the Manus Quantum Metagloves (high-fidelity motion capture) system with the full-body motion capture system.
 
2.3.1. Plug the dongle into the same PC used for the full-body motion capture system.

2.3.2. In the full-body motion capture system analysis software, open the Motion Capture Configuration window, go to the Fingers tab, and set Glove Type to Manus VR Gloves from the drop-down menu. 

NOTE: The Dongle ID should be displayed, and the gloves should appear in the setup avatar on the right.

2.4. Synchronize the wireless acquisition system with the GRRAASP device.

2.4.1. Split the GRRAASP push-button cable and solder a 3.5 mm male mini-jack connector to the free end. 

2.4.2. Connect the male mini-jack to the female “ext. trigger” input on the rear of the system's base unit. 

2.4.3. In the EMG and Motion Tools software, open the System tab; in the Start/Stop Trigger window, set Trigger Mode to Trigger In (Manual Stop) and Trigger Active Level to High (5 V).

2.4.4. Click the Record button in the main control panel.

NOTE: The acquisition will not start until the push button of the GRRAASP device is pressed for the first time.

2.5. Synchronize the mBrainTrain Smarting Pro X (high-density EEG system) with the GRRAASP device.

2.5.1. Obtain a USB-to-TTL serial cable with a 5 V level (e.g., FTDI TTL-232R-5V-AJ). 

NOTE: The TTL-side connector must be a 2.5 mm mini-jack for compatibility with the high-density EEG system. If the cable has a 3.5 mm connector, either use an adapter or cut the cable and solder on a 2.5 mm male mini-jack.

2.5.2. Connect the USB side to the PC running the NI LabVIEW software (graphical programming platform) that controls GRRAASP, and the mini-jack to the Smarting Pro X amplifier.

2.5.3. In the graphical user interface of the graphical programming platform, open the VISA Configure Serial Port block (Figure 2B) and select the COM port where the cable is connected.

3. Experimental protocol: prepare the participant for multimodal acquisition

3.1. Prepare and calibrate the inertial motion capture system.
 
3.1.1. Measure and enter the participant's anthropometric characteristics requested by the kinematic acquisition software to generate a participant-specific biomechanical model.

3.1.2. Position the 11 inertial measurement units (IMUs) according to the manufacturer's guidelines.

3.1.3. Perform the static and dynamic calibration procedures according to the manufacturer's instructions.

3.1.4. Inspect the reconstructed biomechanical model and verify that all body segments are tracked accurately.

3.2. Prepare and mount the high-density electromyography system.
 
3.2.1. Shave excess hair and clean the skin over each recording site using abrasive paste and alcohol wipes.

3.2.2. Place high-density electrode grids (GR08MM1305) over the right anterior deltoid, middle deltoid, pectoralis major, biceps brachii, triceps brachii, flexor carpi ulnaris, and extensor carpi radialis.

3.2.3. Secure each electrode grid using adhesive interfaces and verify stable skin contact.

3.2.4. Place reference and ground electrodes over electrically neutral anatomical locations, such as the wrist, elbow, and ankle.

3.2.5. Inspect all recording channels in the acquisition software and verify signal quality during brief voluntary contractions by the participant.

3.2.6. Replace or reposition electrode grids exhibiting excessive noise, signal loss, or poor skin contact. 

3.3. Prepare and calibrate the hand motion capture system.

3.3.1. Select the appropriately sized inner glove for the subject's hand.

3.3.2. Have the subject put on the outer sensorized glove, then attach the corresponding sensor securely to each finger.

3.3.3. Insert the hand sensors into their designated mounting slots on the glove.

3.3.4. Insert the battery into the glove's chassis and power on the device.

3.3.5. Run the guided calibration for both hands from the dedicated calibration page in the software.

3.4. Prepare and mount the wireless electromyography system.

3.4.1. Shave excess hair and clean the skin over each recording site using abrasive paste and alcohol wipes.

3.4.2. Place bipolar surface electrodes according to the SENIAM guidelines29 on the right latissimus dorsi, upper trapezius, middle trapezius, lower trapezius, and posterior deltoid muscles.

3.4.3. Inspect each electromyographic signal and verify signal quality during brief voluntary contractions. 

NOTE: Reposition electrodes exhibiting motion artifacts, baseline instability, or low signal amplitude.

3.5. Prepare and mount the high-density electroencephalography system (EEG acquiring system).

3.5.1. Identify the nasion, inion, and left and right preauricular landmarks. 

3.5.2. Position the 64-channel EEG cap on the participant's head using the identified anatomical landmarks to ensure correct alignment. 

3.5.3. Inject abrasive and conductive gel into each electrode site to improve electrode-scalp contact.

3.5.4. Measure electrode impedance and reduce all impedances below 10 kΩ.

3.5.5. Inspect all EEG channels and verify signal quality before proceeding with the experimental protocol.

NOTES: The described experimental protocol uses a 64-channel EEG configuration to provide sufficient spatial sampling for analyses requiring information beyond a single sensor, such as source localization and cortical connectivity (out of the scope of this work). The number of EEG channels can be reduced or adapted according to the specific research question and requirements of the experiment. Reapply conductive gel and gently adjust electrode positions if impedance values exceed 10 kΩ or if channels exhibit excessive noise.

4. Experimental protocol: experimental procedure

4.1. Position the subject seated in front of the GRRAASP setup at a distance corresponding approximately to the length of the subject’s fully extended right upper limb, measured from the right shoulder to the central body of the GRRAASP setup.

4.2. Adjust the five GRRAASP arms according to the subject’s anthropometric characteristics and the following spatial configuration.

4.2.1. Adjust the two upper lateral arms to position them at the same level of the subject’s shoulders and orient them in the horizontal (transverse) plane at approximately 30° to the left and 30° to the right of the sagittal plane passing through the subject’s right shoulder. 

NOTE: The corresponding platforms should be positioned so that they can be reached by the subject by extending the right upper limb almost fully.

4.2.2. Position the central arm so that grasping an object on its corresponding plate is performed with the right elbow at 90 degrees.

4.2.3. Position the two lower lateral arms at the height of the central arm, orienting them as the upper lateral arms (plates reachable at near-full extension, ±30° from the sagittal plane passing through the subject’s right shoulder).

4.3. Connect the GRRAASP platform to a suitable power supply providing 24V and 2A and turn on the power supply.

4.4. Open the provided graphical programming code and its graphical user interface (Figure 2B).

4.4.1. Set the path for saving the logs of the system. 

4.4.2. Set the sequence of target positions for the reach-grasp-transport task.

4.4.3. Check that in the VISA Configure Serial Port block, the selected COM port is the one where the cable providing a TTL trigger to the EEG system is connected.

4.5. Place two objects (cylinder and key, or power and tripod, Figure 1B) on the plates according to the sequence indicated in the dedicated LabVIEW tab (Figure 2B).

NOTE: The object pairs were fixed (cylindrical + key; power + tripod), but the order of the two pairs was alternated across subjects: half started with the first pair and half with the second.

4.6. Check electrode/channel quality visually on the acquisition software's live displays immediately before each acquisition, and monitor it continuously throughout the recording.

4.7. Manually start data acquisition in the EEG system and high-density EMG system.

4.8. Instruct the subject to start the acquisition by pressing the resting-position push button visible in Figure 1A.

5. Experimental protocol: calculate motor abilities 

NOTE: The present protocol reports performance indicators computed during the reaching phase. Apply the same procedure to grasping, transport, or repositioning phases if required. The core motor abilities and respective mandatory performance indicators (PIs) reported in the present protocol were selected according to the framework proposed by Longatelli et al.19, which defines the indicators associated with each motor ability. With respect to the work of Longatelli et al.19, the present framework also incorporates EEG recordings, enabling the computation of additional metrics such as corticomuscular coherence (CMC), which quantifies functional coupling between cortical and muscular activity during voluntary movement30.

5.1. Segment the movement phases and preprocess each signal as reported in Figure 3.

5.1.1. Import the synchronized kinematic, electromyographic, and electroencephalographic recordings into the analysis software.

5.1.2. Identify movement onset and reach end for each trial using the GRRAASP device logs.

5.2. Compute motor abilities.
 
5.2.1. Compute efficacy.

5.2.1.1. Calculate the number of movement stops (NMS) from the velocity profile. Count each interval in which velocity falls below 10% of peak velocity, between movement onset and movement completion.

where  represents a velocity interruption below 10% of peak velocity.
NOTE: Lower NMS values indicate more effective movement execution.

5.2.2. Compute efficiency.

5.2.2.1. Calculate Movement Time (MT).

where and denote movement onset and movement end, respectively.

NOTE: Lower MT values indicate more efficient movement execution.

5.2.2.2. Calculate the path length ratio (PLR). 

where  is the traveled path length and is the shortest distance between the initial and final hand positions.

NOTE: A PLR value closer to 1 indicates a more efficient trajectory.

5.2.3. Compute intra-limb coordination.

5.2.3.1. Calculate the co-contraction index (CCI) from agonist-antagonist muscle pairs.

where  and are the linear envelopes of the two muscles.

NOTE: Higher CCI values indicate greater simultaneous agonist-antagonist muscle activation, typically reflecting a joint-stiffening or stabilization strategy.

5.2.3.2. Calculate joint angle correlation (JAC).



where  and represent the shoulder and elbow flexion-extension angle trajectories.

NOTE: JAC values closer to 1 indicate stronger inter-joint coupling, thus more coordinated shoulder-elbow movement synergies.

5.2.4. Compute movement amplitude: Calculate joint range of motion (JROM) for each joint.


where and  are the maximum and minimum joint angles measured during the reaching phase.

NOTE: Larger JROM values reflect greater joint excursion, whereas reduced ones may indicate motor restriction.

5.2.5. Compute muscular effort: Calculate integrated electromyography (IEMG).

NOTE: Larger IEMG values indicate greater muscular effort.

5.2.6. Compute power: Estimate the power spectral density (PSD) at frequency (f) of each electromyographic signal and calculate mean power (MP). 

	
NOTE: Higher MP values reflect greater overall muscular activation intensity across the analyzed frequency range.

5.2.7. Compute planning predictability: Identify visual cue onset using the logs of the GRRAASP system and calculate reaction time (RT) 


where  is the movement onset and  is the visual cue onset.

NOTE: Shorter RT values indicate faster motor planning and movement initiation.

5.2.8. Compute smoothness: Detect local maxima in the velocity profile and calculate the number of velocity peaks (NVP). 


where denotes a velocity peak occurring during the movement.

NOTE: Lower NVP values indicate smoother movement execution.

5.2.9. Compute speed: Calculate mean velocity (MV). 


where is the traveled path length.

NOTE: Higher MV values indicate faster movement execution.

5.2.10. Compute corticomuscular coupling: 

5.2.10.1. Extract the EEG signal from the C3 electrode, contralateral to the right upper limb performing the task, and the EMG signal from the anterior deltoid, given its involvement in anterior reaching. Compute corticomuscular coherence (CMC) through magnitude-squared coherence between electroencephalographic and electromyographic signals.


where is the cross-spectrum and and are the respective auto-spectra at a given frequency . 

5.2.10.2. Average coherence values within the beta frequency band (13–30 Hz).

NOTE: CMC values closer to 1 indicate stronger corticomuscular coupling during voluntary movement; values closer to 0 indicate weaker coupling. C3 and the anterior deltoid were selected as representative cortical and muscular signals for the reaching movement. The multimodal setup allows other EEG channels and recorded muscles to be used according to the specific movement and research question.

REPRESENTATIVE RESULTS:
Task implementation
The GRRAASP platform, programmed as described in Figure 2C, was used to guide 30 participants through an adapted reach-grasp-hold-transport task. At the beginning of each trial, the participant was seated in front of the GRRAASP platform, with two differently shaped objects positioned on the grasping platforms. Each trial was initiated by pressing and continuously holding a push-button. After a randomized interval of 0.75–1 s, the LED corresponding to one of the two objects was illuminated, indicating which object to grasp. The LED was switched off after 3 s from the onset of the trial. Participants were instructed to release the push-button only after the LED switched off, thereby initiating the reach-and-grasp phase.

After grasping the indicated object, participants were instructed to lift it and maintain it approximately 2–3 cm above the grasping platform while waiting for the cue for the transport phase. After a randomized interval of 2.5–3 s from object lifting, the LED corresponding to the platform to which the object had to be transported was illuminated. The LED was switched off 7 s after the onset of the lifting phase. Participants were instructed to initiate the transport phase only after the LED switched off. They were instructed to then relocate the object to the indicated platform and subsequently return to the push-button to initiate the next trial.

Operational performance of the GRRAASP system
For synchronizing the acquisition systems, the physical signal of the push-button of the GRRAASP setup was used as a common temporal reference. The signal was directly connected to the analog inputs of the bipolar EMG, high-density EMG, and kinematic acquisition systems, allowing the button-press event to be recorded concurrently with the EMG and kinematic signals.

For high-density EEG recordings, a TTL trigger was generated by a LabVIEW-based control routine and sent to the EEG acquisition system. The temporal offset between the physical push-button signal and the LabVIEW-generated trigger was experimentally measured and was ≤3 ms. Given the EEG sampling frequency of 250 Hz, this delay was shorter than one sampling interval and was therefore considered negligible for temporal alignment of the multimodal recording.

The GRRAASP setup also directly acquired and saved temporal information related to task execution: the proximity sensors and push-button of the GRRAASP platform were directly connected to the analog inputs of a DAQ system that logged the status of the proximity sensors and of the push-button with a frequency of approximately 500 Hz. The DAQ system was operated through a LabVIEW code (Figure 2A), which recorded the signals from the proximity sensors and the push-button at each execution cycle. With an execution cycle of approximately 2 ms, the temporal resolution of event detection was estimated to be ≤3 ms.

Motor abilities characterization
To demonstrate the use of the GRRAASP device as an assessment tool, motor ability metrics from the Longatelli framework19 were computed for each subject, and their distributions were analyzed across the cohort. 

We quantified Efficacy in terms of NMS and found that this value converges to 1 for nearly all trials and all subjects, indicating that healthy reaching is a continuous, ballistic action without corrective sub-movements (Figure 4).

Efficiency was quantified in terms of MT and PLR (Figure 5). PLR distribution concentrates around 1, confirming that healthy motor control prioritizes energy minimization via rectilinear trajectories31. Conversely, MT displays broader bell-shaped distributions, reflecting individual heterogeneity. 

Intra-limb coordination was quantified in terms of CCI and JAC (Figure 6). These metrics reveal the underlying motor control complexity: the JAC distribution for shoulder vs. elbow flexion-extension (Figure 6A) is centered around positive values (0.2−0.5), indicating a strong synergistic coupling between shoulder flexion and elbow extension, confirming that the reaching phase relies on the simultaneous unfolding of these two joints to extend the reach. CCI highlights how joint stiffness is modulated (Figure 6B). The high overlap for the Biceps vs. Triceps pair (peak ≈ 65%) suggests significant co-contraction at the elbow. This is likely a strategy to increase limb stability during the final approach to the target, enhancing precision. Conversely, lower co-contraction at the wrist supports the dominance of extensor muscles in the forearm. However, this index reflects the control strategy involving the coordinated activation of two muscles rather than the absolute level of muscular effort. 

Movement amplitude is characterized by JROM, which identifies the primary degrees of freedom (DoF) recruited during the reaching tasks. Its distribution (Figure 7) confirms that the reaching movement is predominantly driven by shoulder and elbow flexion-extension, which exhibit the largest excursions (peaks at approx. 65° and 45°, respectively). This kinematic signature is consistent with a task performed primarily in the sagittal plane. Crucially, this analysis highlights a specific trunk-shoulder coordination pattern: Shoulder abduction remained low (<20°), and trunk axial rotation was minimal (peak ≈ 8°). This limited mobility indicates that healthy subjects reach targets without significant lateral displacement or compensatory body twisting. Wrist flexion-extension indicates a moderate adjustment range (approx. 30°), required to orient the hand for the grasping phase relative to the forearm inclination. 

The analysis of muscular effort via IEMG provides insight into the biomechanical demands of the task (Figure 8). The highest activation levels are observed in the upper trapezius and anterior, middle deltoids. this reflects their role in elevating the upper limb against gravity and stabilizing the scapulo-humeral rhythm to orient the humerus in 3D space. A distinct pattern emerges in the forearm muscles: the extensor carpi radialis shows higher and more widespread activation compared to the flexor carpi radialis. This is biomechanically consistent with the reaching phase, which involves wrist extension and finger pre-shaping in preparation for grasping.

Planning predictability was quantified in terms of RT, which showed a skewed distribution (peak ≈ 0.6 s), suggesting uniform cognitive processing for cue detection with a tail of slower responders (Figure 5B). 

We quantified smoothness in terms of NVP, which, as for NMS, converged to 1 for nearly all trials  (Figure 4). Speed was quantified in terms of MV (Figure 5C), which displayed a bell-shaped distribution, similarly to MT. CMC in the beta band was computed to quantify functional corticomuscular coupling between cortical motor activity and muscle activation. The resulting values are consistent with those reported in the literature for reaching movements30 (Figure 9).

Power, assessed as EMG MP, revealed a clear proximal-to-distal gradient across the population. Upper trapezius and deltoid muscles exhibited the highest MP values, reflecting their role in shoulder stabilization and reaching against gravity. In contrast, upper-arm and forearm muscles showed lower MP, indicating lower average activation intensity despite sustained activity during movement and grasp (Figure 10). 

Assessment of individual performance
Figure 11 shows performance indicators of two representative subjects with different anthropometric characteristics. Subject 19 is a 161 cm tall female, while Subject 29 is a 175 cm tall male. Importantly, these two subjects were excluded from the computation of the population distribution against which their data are compared, which is displayed. Subject 29 shows higher CCI values at the elbow, indicating a stiffer control strategy associated with reduced elbow flexion-extension, as confirmed by the JROM profile, and a greater reliance on shoulder flexion-extension during reaching. In contrast, Subject 19 exhibits lower elbow CCI values and an inverted kinematic pattern, characterized by increased elbow flexion–extension and reduced shoulder excursion, along with greater trunk torsion. Although both subjects are unimpaired, these findings demonstrate the system’s sensitivity in capturing subtle differences in motor strategies within a healthy population.

FIGURE AND TABLE LEGENDS:
[bookmark: _Ref238849055]Figure 1: GRRAASP setup and experimental protocol. (A) GRRAASP adjustable structure, 5 arms each equipped with two sensorized platforms numbered from 1 to 10. 0 - rest position (RP), 1,6-upper left (UL), 2,7-upper right (UR), 3,8-lower left (LL), 4,9-lower center (LC), and 5,10-lower right (LR); enlargement of the mechanism for adjusting the device measurements. (B) types of grasp: (k) key, (c) cylindrical, (s) spherical, (t) tri-digital. (C) a subject performing the task. (D) structure of the single trial. The reaching and grasping phase is the focus of this work.

[bookmark: _Ref240023671]Figure 2: Block diagrams showing the synchronized multimodal data acquisition during task execution. (A) Electrical and mechanical structure: Visual representation of the functional connections between the GRRAASP device, its controlling DAQ, the acquisition systems, and the workstations involved in data recording. (B) GUI: Representation of the key features of the graphical user interface of the software operating the GRRAASP platform. (C) Software structure: Block diagram representing the structure of the LabView software operating the GRRAASP platform and of how it guides and integrates participant actions.   

Figure 3: Preprocessing pipeline for EEG, EMG, and kinematic signals for motor abilities calculation.

[bookmark: _Ref238842723][bookmark: _Ref238842666]Figure 4: Characterization of smoothness via number of velocity peaks (NVP) and efficacy via number of movement stops (NMS).

[bookmark: _Ref233385096][bookmark: _Ref233385084]Figure 5: Characterization of efficiency, planning predictability, and speed. (A) Efficiency is quantified by path length ratio (PLR) and movement time (MT). (B) Planning predictability is quantified by reaction time (RT). (C) Speed is quantified by mean velocity (MV). The vertical lines in the distributions indicate the median value of the population for each metric. Shaded areas indicate population distribution, vertical lines indicate the population median.

[bookmark: _Ref233385170]Figure 6: Characterization of intra-limb coordination and movement amplitude. (A) Distribution of the joint angle coordination (JAC) index for the shoulder flexion-extension vs. elbow flexion-extension couple, indicating the synergistic coupling during reaching. (B) Co-contraction index (CCI) distributions for selected agonist-antagonist pairs. Shaded areas indicate population distribution, and vertical lines indicate the population median.

[bookmark: _Ref233385282]Figure 7: Characterization of movement amplitude via joint range of motion (JROM). The panels show the distribution of JROM for the trunk and the upper limb. From top to bottom: Trunk-pelvis axial rotation, shoulder abduction-adduction, internal-external rotation, and flexion-extension, followed by elbow and wrist flexion-extension. Shaded areas indicate population distribution, and vertical lines indicate the population median.

[bookmark: _Ref233385301]Figure 8: Characterization of muscular effort via integrated EMG (IEMG). Distribution of total electrical activity for the selected muscles of the shoulder girdle and upper arm. Shaded areas indicate population distribution, and vertical lines indicate the population median.

[bookmark: _Ref233385528]Figure 9: Characterization of corticomuscular coupling via corticomuscular coherence (CMC). The graph shows the distribution of CMC values computed between the EEG signal recorded over the C3 electrode and the EMG activity of the anterior deltoid muscle during the reaching task. Shaded areas indicate population distribution, and vertical lines indicate the population median.

[bookmark: _Ref233633289]Figure 10: Characterization of power via mean power (MP). Average power of the power spectrum of the EMG signal from the selected muscle. Shades areas indicates population distribution, vertical lines indicate the population median.

[bookmark: _Ref233388094]Figure 11. Comparative Z-Score profiles for two representative subjects (Subject 19 and Subject 29). The plot normalizes heterogeneous performance metrics onto a single dimensionless scale representing standard deviations (σ) from the population mean (vertical blue line at 0). The background bands denote statistical reference intervals: the green region (±σ) covers 68% of the healthy population, while the yellow region (±2σ) covers 95%. The subject's performance is visualized using orange violin plots (showing density and variability) with overlaid scatter points for individual trials. This visualization highlights both the deviation from normality and the trial-by-trial consistency across the performance indicator relative to different domain motor abilities.

Table 1: Structured comparison of ReGULA framework and GRRAASP setup with published multimodal reach-and-grasp systems (n/r = not reported in source).

Supplementary Figure 1: Schematic of GRAASP device. Red numbers: (0) 0_baseBracket.stl, (1) 1_middleBracket.stl, (2) 2_topBracket.stl, (3) 3_armLockingSocket.stl, (4) 4_platformLockingSocket.stl, (5) 5_platformTMount.stl, (6) 6_platformSwivelJoint.stl, (7) 7_armTMount.stl, (8) 8_cableClip.stl, (9) 9_lockingRing.stl. Blue numbers: (1) 200 cm Polyvinyl chloride (PVC) pipes, (2) 55 cm PVC pipes, (3) junction box, (4) infrared sensor hole, (5) LED light. Yellow numbers: (1) cylindrical grasp object, (2) spherical grasp object. Black numbers: (1) mobile base, (2) push button.

Supplementary Figure 2: Installation procedure. (Left) Detailed view of the installation procedure, showing the insertion of the three 200cm PVC pipes into the 0_baseBracket.stl (bottom bracket) and the 1_middleBracket.stl (middle alignment bracket), and the subsequent securing of the entire structure to the central shaft to the mobile base with m4 screws. (Right) Detailed view of the 9_cableClip holding ethernet cables.

Supplementary Figure 3: Detailed view of the junction box (interaction platform), illustrating the internal wiring and component placement. The electrical connections are mapped as follows: brown wire to LED positive (anode), white wire to LED negative (cathode), orange wire to infrared sensor positive (VCC), blue wire to infrared sensor ground (GND), and green wire to infrared sensor signal/data (OUT). To provide strain relief and mechanical stability, the Ethernet cable is looped inside the enclosure. It then exits laterally, passing through the 6_platformSwivelJoint.stl component, which is fitted into a custom-drilled hole on the side of the junction box and permanently secured with glue for added structural integrity.

Supplementary Figure 4: Detailed view of the custom PCB illustrating the wire placement. The five crimped wires from each cable are inserted into their designated connectors on the board. The connectors are organized into two rows: the top row corresponds to platform indexes 1 through 5 (arranged from left to right), and the bottom row corresponds to platform indexes 6 through 10 (arranged from left to right) 

Supplementary Figure 5: Detailed view of the custom PCB and DAQ module integration. The setup features two pluggable terminal blocks (FKCN 2,5/12-ST-5,08, catalog number 1754665 in Materials.xlsx): one dedicated to the infrared sensors (yellow wires) and another for the LEDs (blue wires). Each pin from these terminal blocks is individually wired to its corresponding input/output pin on the NI-9375 module. The fully wired NI-9375 module is housed within the NI cDAQ-9174 chassis.

Supplementary Figure 6: Close-up view of the custom PCB, detailing the specific terminal connections: (A) The power supply terminal connector, and (B) the push-button terminal connector.

Supplementary File 1: Zip folder containing the 3D STL files for printing the objects of the setup.

Supplementary File 2: Zip folder containing the 3D STL files for printing the components of the system.

Supplementary File 3: Zip folder containing the custom PCB layout files required for production. 

DISCUSSION: 
The ReGULA framework and the associated GRRAASP platform were developed to provide a standardized and multimodal approach for the assessment of upper-limb motor function during ecologically relevant reach-grasp-transport tasks. 

Compared with traditional clinical assessments2–8 and recently proposed digital implementations9–17, ReGULA provides a more comprehensive characterization of motor function by simultaneously capturing information from central neural activity, peripheral muscular activation, movement kinematics, and behavioral performance. The framework operationalizes the multimodal assessment model proposed by Longatelli et al.19, enabling quantitative characterization of motor abilities rather than relying solely on task completion metrics. In contrast to approaches that focus exclusively on behavioral outcomes or isolated kinematic measures, ReGULA enables investigation of the neuromechanical processes underlying movement execution and may facilitate discrimination between true functional recovery and compensatory motor strategies.

A distinctive feature of the framework is the use of standardized motor-performance indicators combined with population-based normalization procedures. The resulting profiles provide both qualitative and quantitative benchmarking against reference populations, enabling rapid identification of atypical performance patterns and facilitating interpretation of individual motor strategies. Such visualizations can support clinical decision-making and longitudinal monitoring by highlighting changes across multiple dimensions of motor function.

The specific novelty of ReGULA framework and GRRAASP setup with respect to existing multimodal reach-and-grasp paradigms19,22–27 (Table 1) lies in the combination of three elements that, to our knowledge, have not previously been integrated within a single standardized assessment tool. First, unlike exploratory studies or open multimodal datasets, ReGULA is a standardized assessment framework that implements the unified benchmarking scheme of Longatelli et al.19 into quantitative motor-ability indicators with population-based normalization. Second, it integrates high-density EMG (i.e., enabling motor-unit and common synaptic input analyses32) jointly with EEG and full-limb kinematics within a single ecological reach-grasp-transport-hold sequence, rather than isolated reaching or grasping phases. Third, neural, muscular, kinematic, and behavioral events are synchronized at the hardware level through the sensorized workspace, providing common-clock ground-truth markers across all modalities. Together, these elements enable experimental conditions not previously available in a standardized form.

The experimental protocol is inherently flexible and can be modified according to specific research or clinical objectives. The modular design of GRRAASP allows adaptation of workspace geometry, target locations, manipulated objects, and grasp types while preserving standardization and repeatability. This flexibility facilitates the investigation of different functional tasks and enables protocol customization for specific patient populations or experimental paradigms. Troubleshooting typically involves optimization of sensor synchronization, adjustment of target positioning to participant anthropometry, and verification of signal quality across acquisition modalities prior to data collection.

The physical design of GRRAASP followed directly from the requirements of standardized yet flexible reach-and-grasp assessment. Reach-and-grasp tasks are investigated by different research groups for a wide range of purposes22–26, but the lack of a common and flexible setup makes comparisons between studies difficult. GRRAASP was therefore designed to provide a standardized platform while allowing the task to be adapted to different experimental needs. Owing to its adjustable geometry, the same platform can be reconfigured in workspace dimensions, object shape, number and position of targets, and can be tailored to the target population, so that a single standardized protocol can serve heterogeneous research and clinical questions. Concretely, the structure was designed with adjustable dimensions and a workspace large enough to span a large portion of the peripersonal workspace (approximately 1.6 m3). The time required to adjust the structure to the need is minimal, typically only a few minutes. The adjustable dimensions of the GRRAASP platform allow the tasks to be performed either seated or standing, and the same setup to accommodate participants with different heights, anthropometric characteristics, and levels of mobility. The spatial arrangement of the sensorized platforms was chosen to reproduce everyday-life conditions in which objects are often reached and grasped from different heights, preserving the ecological validity of the sampled movements. 

The four differently shaped objects presented in this work were selected on the basis of grasp-taxonomy studies27,33 to be representative of distinct grasp categories, and they additionally span the grasp types reproducible by the prosthesis developed in our laboratory34, linking the assessment repertoire to a concrete downstream application. 

Finally, to keep the platform reproducible and easy to replicate, consistent with its prototypical, open-hardware nature, we selected its fundamental structural components from inexpensive, commercially available PVC tubing. The 3D-printed joints were designed by the authors to connect these components while allowing the platform to be easily adjusted to the experimental requirements.

The sensing and timing choices were dictated by the ReGULA framework and multimodal acquisition requirements. A visual LED cue was preferred over an auditory one for two reasons. First, an LED provides an unambiguous, immediately visible signal that the participant can interpret without added cognitive load. Second, and more critically, an auditory cue would elicit auditory evoked potentials time-locked to the sound, which would superimpose on the concurrently recorded EEG and contaminate the cortical signals that the framework aims to characterize35. 

Object interaction was detected with an infrared sensor because the goal is to register the instant at which the object is lifted from and returned to its support; an infrared beam provides this contact/release detection reliably and unobtrusively, without interfering with the movement or the electrophysiological recordings.

Finally, the time intervals of specific task phases were deliberately randomized to prevent habituation and to keep participants from anticipating or implicitly learning the go moment36, a well-documented confound in cued movement paradigms; these durations were also set long enough to support the intended analyses (e.g., EEG correlates of motor planning during the preparatory window and high-density EMG characterization during holding).

In the present work, we decided to compute the key performance indicators proposed by the Longatelli framework19 as a preliminary multimodal characterization of the proposed task in a healthy cohort. Such analysis will be complemented in future works by integrating metrics that rely on EEG and high-density EMG recordings that are not yet envisaged in the framework by Longatelli and colleagues with the aim to establish a comprehensive normative reference for future comparisons with clinical populations. We hypothesize that such a comprehensive characterization would allow us to systematically investigate differences associated with object characteristics, grasp type, or spatial position. The sensitivity of such metrics to motor impairment will be established through future validation in clinical populations.

Regarding the selection and execution of grasping tasks, ReGULA extends the NeBULA framework28 beyond reaching movements by incorporating object interaction and multiple grasp types. To preserve protocol repeatability, object positioning, task instructions, and movement constraints should remain consistent across trials and sessions. Particular attention should also be paid to signal quality during multimodal acquisition, including proper EEG preparation, EMG electrode placement, and calibration of motion-tracking systems, as artifacts in any modality may affect the extraction of neuromechanical indicators.

A critical aspect of the ReGULA framework is the accurate synchronization of neural, muscular, kinematic, and behavioral measurements. Reliable temporal alignment across acquisition systems is essential to ensure meaningful interpretation of the neural mechanism of motor control in healthy and motor-impaired populations. For instance, the reliable synchronization of EMG and EEG signals enables the integration of corticomuscular coherence into the framework of Longatelli19, providing information on the functional coupling between cortical and muscular activity during movement. The recording of high-density EMG could also support the extraction of the common synaptic input to the muscles32 which, thanks to the synchronization with the EEG signal can be correlated with oscillations in the motor cortex. The ReGULA framework supports also the computation of other motor-control relevant measures such as muscle synergies, and, thanks to the synchronization with kinematics, also of more recently proposed kinematic-muscular synergies that integrate joint and muscle coordination37. 

Another key feature of the ReGULA framework is standardization. Standardized positioning of the participant, targets, and manipulated objects is fundamental for minimizing variability across sessions and ensuring comparability between subjects. Minimizing potential sources of additional variability enables further exploration and characterization of the intrinsic variability of neuromotor control, reflecting the dynamic interplay between cortical commands, subcortical modulation, and sensory feedback. A standardized framework could favor a more systematic characterization of motor abundance and thus the integration of motor-control related metrics into clinical assessment.

The last key aspects of ReGULA are its ecological validity and adaptability: the task proposed is a functional task that resembles daily-living activities and can be adapted to combine different relevant motor abilities19. This allows us to explore a rich repertoire of motor tasks that are extremely relevant both for clinical applications and for motor control characterization.

Several limitations should be acknowledged. Although the framework provides a rich multimodal characterization of upper-limb function, the acquisition setup requires specialized instrumentation and technical expertise, which may limit immediate adoption in routine clinical environments. 

Participant preparation, including mounting and configuring the different acquisition systems, required approximately 1.5 h and specialized personnel familiar with the operation and synchronization of the equipment. Data collection lasted 1.5 h and required two operators to manage the multimodal acquisition and monitor the experimental setup. These requirements may represent a barrier to implementation in less specialized settings. 

Furthermore, no formal user-experience assessment was performed. Informal verbal feedback revealed no major discomfort, although participants mainly commented on the length of the experimental sessions, highlighting the need to reduce the instrumentation burden in future iterations. In addition, the present protocol focuses on standardized laboratory-based tasks that are more ecologically valid than isolated reaching paradigms, but still cannot fully capture the complexity of real-world activities of daily living. 

A further limitation concerns the technical characterization of the platform. Specifically, measures such as trial rejection rates, acquisition failures, repeatability following sensor repositioning, preparation time, and usability were beyond the scope of the present study. Future work should include a comprehensive technical validation of these aspects to further support the robustness, reproducibility, and clinical translation of the GRRAASP platform.

Future work should expand the library of extractable indicators, including muscle synergies, high-density EMG-derived motor-units analysis, and advanced EEG features, and validate their sensitivity in populations with neurological and musculoskeletal impairments.

The potential applications of ReGULA extend across several research and clinical domains. The framework is particularly suited for investigating motor control mechanisms, neuromechanical coordination, and sensorimotor recovery following neurological injury. Its standardized and reproducible nature also makes it suitable for longitudinal monitoring of rehabilitation outcomes and for evaluating the effects of therapeutic interventions. Future validation against established clinical scales will be essential to determine concurrent validity and support clinical translation. Ultimately, ReGULA provides a flexible and extensible platform for quantitative upper-limb assessment, bridging the gap between traditional clinical evaluation and comprehensive multimodal characterization of motor function.
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