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SUMMARY:
This protocol establishes a rat hindlimb kinematic evaluation pipeline using a markerless treadmill test with deep learning-driven multi-joint trajectory auto-labeling, which enables reproducible motion quantification.

ABSTRACT:
Accurate and objective assessment of rat gait is essential to neuroscience and kinesiology research fields. Conventional systems frequently depend on footprint imaging for indirect gait inference, which cannot fully capture hindlimb multi-joint kinematics. This study establishes a markerless treadmill-based gait analysis system for rodents, integrating custom deep learning algorithms with a programmable weight-support treadmill to enable real-time tracking of multiple lower-limb joints and multidimensional kinematic quantification. The system automatically extracts gait cycle parameters, joint trajectories, force distribution patterns, and movement smoothness under modulated speed (0–300 mm/s), incline (±30° gradient), and graded weight support (0–500 g) conditions, providing an objective assessment tool for neuromuscular behavior research. Using spinal cord injury (SCI) models, results demonstrate the system's sensitivity in detecting multidimensional differences in joint range of motion, trajectory continuity, propulsive force output, and movement smoothness between healthy and injured rodents, validating its disease discrimination and grading capabilities. Compared to traditional subjective scores or footprint methods, this platform eliminates personal bias and low-dimensional data limitations while combining deep learning-driven architecture and high-throughput data collection advantages. It is applicable to research involving central or peripheral nerve injury, neurodegenerative diseases, musculoskeletal disorders, and aging processes. Through synchronous integration of the neuroelectrophysiology modules, the system further enables temporal coupling of gait and neural signals, establishing a methodological framework for parsing central-peripheral control mechanisms and developing neuromodulatory strategies.

INTRODUCTION: 
In contemporary neuroscience and locomotor research, objective gait quantification is now imperative to dissecting neural–muscular functions, elucidating disease mechanisms, and evaluating rehabilitation strategies1. Its high spatiotemporal resolution enables capture of subtle variations in synergies among neural commands, muscle activation profiles, and skeletal mechanics, thus establishing an empirical foundation for investigating the coordination of supraspinal pathways, peripheral feedback, and mechanical contexts. Reproducible kinematic metrics enhance detection sensitivity for lesions, degenerative changes, and therapeutic effects, accelerating the drug and device development pipeline2.

Conventional assessment platforms such as CatWalk, DigiGait, or simplified footprint analyses indirectly infer joint kinematics based on plantar contact patterns. These approaches yield low-resolution and inconsistent metrics that fail to capture hindlimb multi-joint kinematic complexity3,4. The overall goal of our method is to establish a high-precision, markerless, and weight-supported gait analysis system specifically designed for rodent models. Therefore, we establish a novel framework that: (i) maintains rodents in an upright posture under controlled axial loading (0–100% body weight) during continuous multi-joint imaging, (ii) directly localizes anatomical landmarks of the sagittal plane from lateral view analysis through deep learning to generate 2D spatial trajectories, (iii) Exports time-resolved joint angles and segmental kinematics for statistical modeling5. Fundamentally, this framework is grounded in the application of deep learning to computer vision tasks, which enables robust joint feature extraction from video data.

Compared to existing systems, this platform delivers four key advantages. Its markerless operation eliminates reflective or implanted tags while significantly reducing procedural complexity and motion artifacts6. The integrated force-feedback suspension system enables precise graded body-weight support (0–100%), facilitating comprehensive gait assessment across the full loading-to-unloading continuum, which is absent in commercial treadmills7. The deep learning architecture permits rapid retraining for novel strains, ages, or pathological conditions, outperforming manual tracking in scalability8. And high-accuracy multi-joint spatial coordinates enable fine-grained analysis of inter-joint kinematics coupled with quantitative profiling of aberrant gait patterns.

This protocol is widely applicable. It enables investigation of supraspinal control, proprioceptive feedback loops, and muscle synergies under modulated mechanical demands9. Pathophysiologically, it supplies sensitive locomotor biomarkers for spinal cord injury (SCI), stroke, neurodegeneration, peripheral neuropathies, and neuromuscular disorders8,10. Therapeutically, it supports longitudinal evaluation of pharmacologic or device-based interventions with enhanced statistical power from high-resolution kinematics11. The modular architecture allows seamless integration with complementary platforms, for example, electromyogram (EMG) or electroencephalogram (EEG), facilitating mechanistic decoding of neural correlates in lower-limb motion.

PROTOCOL: 
All animal procedures were approved by the Institutional Animal Care and Use Committee of the Beijing Institute for Brain Research and complied with the Guidelines for the Care and Use of Laboratory Animals. No procedure-related adverse events were observed.

1. Equipment preparation

1.1. Turn on the power supply of the treadmill system and select the Speed Control button on the touchscreen.
 
1.2. Let the belt run at a low speed for 30 s to observe whether the treadmill belt deviates. 

1.3. Select the Incline Control button, then set the incline to 0°, click Zero, and confirm that the displayed value coincides with the level bubble. 

1.4. Enter the Suspension interface, hang a 10 g weight, and check whether the tension reading is close to 0.10 N. 

1.5. Turn on the Industrial Personal Computer (IPC) and enter the video acquisition and analysis software. 

1.6. Create a directory for the day's experiment, including information such as the experiment name, animal ID, experimental group, speed, incline, and weight reduction percentage.

1.7. Fix the high-speed industrial camera (UC70, resolution: 1280X1024, frame rate: 60 fps), equipped with a manual focus lens (f = 12 mm), on an aluminum profile bracket. Position the camera lens perpendicular to the treadmill's longitudinal axis to capture a strictly lateral view, maintaining a horizontal working distance of 15 cm from the treadmill belt plane.

1.8. Place the lens horizontally using a bubble level and ensure that the rat's torso occupies the central 2/3 of the frame. Adjust the focus and aperture until the scale lines on the back ruler (1 cm grid) are clearly visible. 

1.9. Click Preview to confirm that there is no trailing and the background brightness is uniform. If the image is too dark, use a light-emitting diode (LED) backlight to increase brightness; if overexposed, reduce the gain and narrow the aperture appropriately.

1.10. Click Start Recording to test the data recording quality. Click Stop Recording and set the data storage path. After completing the above equipment tests, begin animal testing.

2. Animal preparation and running test

2.1. Transfer the rat along with its original cage to the experimental room and let it rest for 10 min. During this period, allow free access to food and water. 

2.2. Record the body weight using an electronic scale (accurate to 0.1 g). Include rats with matched body weights (±10 g) to minimize the confounding effects of body size.

2.3. If the fur color of the hind limbs does not contrast sufficiently with the background, use an electric shaver to gently remove a 1 cm wide strip of fur on the outer side of the thigh and the back of the lower leg to improve the accuracy of joint recognition.

2.4. Then use a soft tape to measure the straight-line distance from the hip to the ankle (mm), which will serve as the basis for subsequent stride normalization.

2.5. Put on gloves, grasp the rat, and loop the elastic chest strap around the front armpit, attaching it to the adjustable slide rail. Ensure that the strap is loose enough to insert one finger without affecting the animal's breathing.

2.6. Slowly rotate the suspension arm handle while observing the tension value on the screen, gradually increasing it to the target weight reduction ratio. Confirm that the rat's hind limbs still fully contact the ground.

2.7. Adjust the grip bar height. Loosen the top knob and position the front grip bar slightly below the rat's nose tip when standing upright, ensuring that the animal can grasp it easily without having to tilt its head back excessively or bend over.

2.8. On the touch control screen, set the speed to 150 mm s⁻¹ and the incline to 0°. Conduct a 10-min acclimation session to adapt the animal to the specific body-weight support level. Monitor the rat for stress signs, e.g., freezing, defecation. 

2.8.1. If the gait remains irregular (defined as [>3 interruptions/min]), extend the duration by 2-min increments, up to a maximum of 20 min.

2.9. The acclimation is considered successful when the rat maintains a continuous, uniform stride for at least 60 s without paw dragging, and the tail hangs naturally without stiffness. Exclude animals that fail to meet these criteria after the maximum acclimation period.

2.10. Enter the parameters required for the formal experiment. Sequentially input the desired speed (any value between 0–300 mm/s) and incline (−30° to +30°) on the touchscreen, and select the direction of the treadmill belt.

2.11. After starting the treadmill, observe the rat's walking posture. If it deviates from the central 1/3 area, gently tap the right side wall once with the knuckle. Most animals will correct their position on their own. If two consecutive corrections are ineffective, reposition the rat and re-record the trial.

2.12. After stabilization, click Start Recording and continuously capture at least five complete gait cycles.

2.13. At the end of each trial, immediately reduce the speed to 0, unclip the chest strap, and return the rat to its corresponding cage.

2.14. Administer water during the rest time, with at least 3 min between trials.

2.15. Record at least three trials under the same conditions. If an animal runs continuously for more than six trials, add an additional 2-min rest to prevent cumulative fatigue.

2.16. Conduct pre-training for five consecutive days before the formal experiment: walk for 10 min daily at 150 mm·s⁻¹, 0° incline, and zero weight reduction, observing the gait.

3. Gait data extraction

3.1. First, extract segments containing the target gait, usually around 10 s, which should include at least 10 analyzable stable gait cycles.

3.2. Import the .mov file into the analysis software and register the individual information of the rats, including ID number, group, and experimental conditions.

NOTE: The system employs the YOLO-NAS Pose architecture, a state-of-the-art neural network optimized for high-performance pose estimation.
Dataset Construction: The model was trained on a robust dataset of 6,000 video frames. These frames were manually annotated with the coordinates of five key hindlimb joints (iliac crest, hip, knee, ankle, and toe) using the DeepLabCut graphical user interface to ensure ground-truth precision.
Training: The network underwent transfer learning on an NVIDIA RTX 3080 GPU to adapt the YOLO-NAS Pose weights to the specific features of the rat hindlimb.
Initialization: In the software, select the pre-trained 'Rat_Hindlimb_YOLO_v1' model and set the Confidence Threshold to 0.8 to exclude low-certainty keypoints. 
During the analysis phase, the YOLO-NAS Pose model processes the video stream frame-by-frame. Unlike traditional computer vision methods that rely on background subtraction, this deep learning architecture directly localizes the rat and predicts joint coordinates within the bounding box.
Post-Processing: The algorithm extracts x and y coordinates from the probability maps. To mitigate high-frequency jitter, a Median filter (window size: 3 frames) is applied to the raw trajectories.
Output: The system successfully locks onto the five target joints within the video frame, generating time-resolved spatial coordinates for the entire gait sequence. These data are automatically exported as .csv files for kinematic calculation. Using the backboard ruler (1 cm grid) captured simultaneously, the system establishes a conversion relationship, automatically calculates the scaling factor, and batch-converts the pixel coordinates into millimeters.

3.3. Export the spatial position coordinates of each joint over time as a .csv file for subsequent index calculation.

NOTE: The software automatically calculates stride length, step frequency, and foot height, and exports the changes in spatial position and angles of the five lower limb joints over time. Based on toe height, the software automatically divides each step into swing phase and stance phase, and calculates the proportion of swing phase and stance phase within each gait cycle.

4. Inter-group kinematic comparisons

4.1. Normalize each gait cycle within the group from 0% (foot contact) to 100% (same foot contact again) to unify the different cycle lengths, facilitating group averaging and comparison. The types of images that can be generated to illustrate gait dynamics are provided in Supplementary File 1.

5. Statistical analysis

5.1. Perform all statistical analyses using GraphPad Prism software. 

5.2. Verify the normality of data distribution using the Shapiro-Wilk test. 

5.3. For the kinematic validation and body mass index (BMI) demonstration comparisons, present data as Mean ± SEM. 

5.4. Evaluate differences between the two experimental conditions using an unpaired Student's t-test. 

5.5. Define statistical significance thresholds as *p < 0.05, **p < 0.01, and ***p < 0.005. Note that a total of n = 3 rats were included in this pilot validation study.

6. Embedding of the electrophysiological module

6.1. After completing the animal modeling, implant the electrophysiological recording device. 

6.2. For EEG recording, place electrodes on the skull surface, epidural space, or cerebral cortex to record brain signals.

6.3. For spinal cord recording, insert recording electrodes into the epidural space of the intervertebral foramen.

6.4. For EMG recording, bury bipolar silver wires into muscles to record muscle electrical activity. 

6.5. After the implantation, allow the animal to recover for 5–7 days, checking the wound and gait daily to ensure no signs of infection or pain before proceeding to the treadmill experiment.

6.6. [bookmark: _GoBack]Complete the equipment and animal preparations as described above.

6.7. Synchronize the collection of electrophysiological parameters and movement videos, ensuring that the electrophysiological and video data share the same timestamp.

6.8. After data collection, align the neural signals with video frames during analysis to intuitively observe the electrophysiological patterns at different phases of the gait cycle, providing direct evidence for exploring the central-peripheral coupling mechanism.

REPRESENTATIVE RESULTS: 
The schematic diagram and actual photo of the treadmill system structure are shown in Figure 1A,B, respectively. The device is capable of obtaining high-contrast lateral images without markers. The treadmill supports adjustments for speed, incline, direction, and weight reduction, and is equipped with a numerical control panel. The accompanying software interface includes a real-time monitoring and acquisition interface, as well as a video upload and gait extraction analysis interface. It is embedded with a deep learning module for automatic gait annotation, which can acquire continuous motion data of the hind limbs' iliac, hip, knee, ankle, and toe joints at high frame rates and high precision without manual annotation (Figure 1C).

In the comparison between healthy and SCI rats, video extraction and automatic annotation of key body points in the same field of view reveal distinct kinematic phenotypes. The severe SCI rat was constructed following the standard protocol: after T9 laminectomy, a controlled mechanical impact was applied at a velocity of 2.0 m/s, and at depths of 2.0 mm, respectively. SCI individuals exhibit significant loss of swing, irregular and arrhythmic iliac displacement curves, increased joint angle fluctuations, and disordered stance-swing phases. The duration and proportion of the swing phase are significantly reduced, while these indicators can basically maintain a stable periodicity in healthy individuals (see Figure 2A,B).

Further normalized in-depth gait data mining between healthy and SCI rats shows that the joint range of motion (ROM) heatmap indicates a widespread decrease in color scale in SCI rats, suggesting restricted movement of multiple joints and significant differences in multiple phases of the gait cycle (p < 0.05) (Figure 3A). The trajectory activity map of SCI rats shows a significant reduction in ROM of each joint and impaired continuity. The point cloud map shows a significant increase in dispersion and a leftward shift of the center of mass, with discontinuous secondary dense areas in each joint, reflecting overall impaired stride coordination and stability in rats (Figure 3B,C). The height waterfall chart shows a bimodal distribution along the X-axis between groups, with a general difference drop in the middle of the movement, and a difference drop at the beginning of the movement along the Y-axis. The overall difference distribution is chaotic, indicating abnormal movement phases in SCI rats compared to healthy rats (Figure 3D). The vertical height peak distribution of the toes in SCI rats is shifted to the right compared to healthy rats, indicating delayed toe force and a pattern of difficulty in starting and abrupt landing, which makes them more prone to falling (Figure 3E). In terms of joint movement feature analysis, the velocity range chart shows that the range of combined velocity in each frame of the SCI group is narrowed, indicating weakened overall propulsion fluctuations (Figure 3F). The reduction in phase plane area demonstrates a decrease in power output in the forward direction (Figure 3G). The estimated peak of propulsion force index is reduced, further confirming the impairment of hindlimb push-off function (Figure 3H). The decrease in movement smoothness indicators quantifies the degree of abnormality in neuromuscular control, indicating a lack of continuity in the movement process (Figure 3I). In summary, Figure 3A–I collectively reveal significant obstacles in gait in multiple dimensions, including spatiotemporal, dynamics, and smoothness after SCI.

In addition, the treadmill and AI motion feature parsing, as an integrated movement module, can be embedded in the electrophysiological module to synchronously obtain EEG signals and gait events on the same time axis (Figure 4A,B). It demonstrates the real-time alignment interface of cortical recording and treadmill imaging, providing direct evidence for studying central-peripheral coupling. In summary, the integrated platform not only sensitively characterizes abnormal gait after SCI but also provides a new technological pathway for exploring the neuro-musculoskeletal coordination mechanism. 

We have performed a rigorous validation study using manual annotation as the ground truth, a standard practice in evaluating deep learning-based pose estimation models12. Specifically, we randomly selected 500 frames from the dataset, covering different rats and gait speeds. Three experienced researchers manually labeled the coordinates of the five key joints (iliac crest, hip, knee, ankle, and toe) in these frames to generate the ground truth. We then calculated the Root Mean Square Error (RMSE) and Pearson's correlation coefficient between the recognized coordinates and the manual labels. As detailed in Supplementary Table 1, the quantitative evaluation against manual annotation yielded an average RMSE of 2.33 ± 1.28 pixels (approximately 0.91 ± 0.50 mm). Furthermore, Pearson's correlation coefficients exceeded 0.99 for all keypoints, confirming the high fidelity of our deep-learning algorithm.

FIGURE AND TABLE LEGENDS:
Figure 1: Treadmill and matching AI annotation software required for the protocol. (A) Schematic diagram of the treadmill design structure. (B) Photograph of the actual treadmill. (C) Gait data AI automatic annotation and analysis software.

Figure 2: Gait annotation and basic gait feature description of SCI and healthy rats. (A) Gait abnormalities in spinal cord-injured rats. (B) Gait video extraction, subject identification and annotation, and changes in the spatial position of the iliac joint and joint angles of the lower limbs, as well as the distinction between stance and swing phases in healthy rats.

Figure 3: Comparative analysis of gait features between SCI and healthy rats based on treadmill gait data. (A) Joint Range of Motion (ROM) heatmap. (B) Joint trajectory activity map. (C) Step length trajectory point cloud. (D) Joint height difference waterfall chart. (E) Distribution of toe vertical height - gait cycle percentage. (F) Velocity range chart. (G) Phase plane area chart. (H) Estimated propulsion force index chart. (I) Movement smoothness chart.

Figure 4: Application examples of a treadmill with an embedded electrophysiological module
(A) Experimental example of rats with implanted EEG electrodes synchronously collecting gait information. (B) Interface of EEG and gait data collection software.

Supplementary File 1: Types of images that can be generated to illustrate gait dynamics.

Supplementary Table 1: Quantitative evaluation of deep-learning-driven estimation accuracy against manual annotation.* RMSE: Root Mean Square Error, presented in Mean ± Standard Deviation (SD).

DISCUSSION:
This protocol delineates a treadmill-based gait analysis system for rats and its operational procedures, providing a multidimensional and objective assessment tool for neuromuscular behavioral research. As demonstrated in the intergroup comparisons of gait parameters between SCI and healthy rats within the exemplar study, the system acquires raw spatial movement coordinates of subjects' lower limbs through continuous high-frame-rate gait videography and an AI-driven automated multi-joint annotation algorithm. This enables comprehensive quantitative analyses and graphical representations, including gait trajectories, phase segmentation, and force index distribution patterns. Beyond SCI applications, the system facilitates investigation of central nervous system injuries (e.g., stroke, cerebral hemorrhage), neurodegenerative disorders (e.g., Alzheimer's disease, Parkinson's disease), peripheral neuromuscular pathologies (e.g., sciatic nerve injury, muscular dystrophy), and gait alterations in aging studies13.

Successful implementation of this protocol hinges on several critical steps. First, animal acclimation is paramount, and insufficient pre-training on the treadmill often leads to irregular gait patterns that confound kinematic analysis. We recommend a strict 10-min acclimation period as described in the protocol. Second, lighting uniformity directly impacts the stability of the deep learning algorithm. Shadows or overexposure can cause keypoint jitter. Third, ensuring subject comparability is decisive for valid inter-group analysis. We emphasize the necessity of strict subject matching (e.g., body weight and size) when comparing absolute kinetic indices.  However, for individuals exhibiting significant variability in stride duration or speed, adopting non-absolute metrics.  Specifically, normalizing kinematic trajectories to the gait cycle percentage is essential to eliminate temporal discrepancies and isolate intrinsic gait pattern alterations. Regarding troubleshooting, a common challenge arises when the contrast between the rat's fur and the treadmill background is insufficient, leading to lost joint markers. In such cases, shaving a specifically defined area on the hindlimb (as detailed in Step 2.3) serves as an effective modification, significantly improving the signal-to-noise ratio for the pose-estimation network without the need for physical markers.

Conventional laboratories predominantly employ the Basso, Beattie, and Bresnahan (BBB) scale for lower-limb kinematic assessment14. However, this method suffers from inherent limitations, including subjectivity, poor discriminative power, and low reproducibility. Consequently, task-specific apparatuses—such as ladder-climbing devices, rotarod systems, and footprint assays—are frequently implemented to augment gait analysis under constrained conditions15. More sophisticated gait evaluation platforms have subsequently been developed. The CatWalk XT system utilizes runway-mounted cameras to capture plantar footprints through transparent flooring as subjects traverse the pathway, with automated software identifying four digital pads to acquire gait parameters3. Nevertheless, this approach is critically constrained by the inability to characterize non-planar hindlimb joints, low-dimensional data acquisition, and incompatibility with subjects exhibiting dragging-gait patterns. In our severe SCI model, rats frequently exhibited hindlimb dragging or dorsal stepping. These behaviors fail to register on the CatWalk sensors, which creates undistinguishable data (missing steps). In contrast, our side-view kinematic approach provides continuous quantification of the limb trajectory regardless of weight-bearing status, offering a distinct advantage for analyzing severe locomotor deficits.

Recent advances in artificial intelligence have catalyzed the development of computer-assisted automated gait recognition systems. Technologies such as VICON motion capture integrated with robotic arms and Microsoft Kinect systems employing near-infrared acquisition have substantially expanded analytical dimensionality15. Nevertheless, their widespread adoption remains constrained by prohibitive costs and dependency on reflective markers. 

Concurrently, rapid progress in computer vision has lowered technical barriers for gait behavior detection, exemplified by open-source frameworks like DeepLabCut16. This approach leverages minimal annotation, transfer learning, and automated tracking to achieve markerless pose estimation. Compared to traditional manual labeling, DeepLabCut significantly reduces processing time while maintaining high precision—validation against X-ray imaging demonstrates a mean positional deviation of merely 2.4 mm, satisfying requirements for fine motor assessment17.

As for treadmill design, the upright posture also facilitates the emulation of human biomechanical characteristics, thereby broadening the applicability of the research. The treadmill we designed was equipped with precise weight-support functionality, furnishing a critical technical pillar for neuromuscular control studies. This capability enabled gait analysis under near-natural locomotor conditions while mitigating motor deficits arising from neurological injury or muscular disorders. Continuous adjustment of speed and slope was also supported, affording expanded degrees of freedom for investigating gait adaptation mechanisms across varying locomotor intensities and terrain conditions. 

Building upon these technical foundations, the present study introduced a custom-developed intelligent treadmill system designed for high-throughput gait monitoring. In this framework, we utilized DeepLabCut to generate high-precision manual annotations, establishing a robust ground-truth dataset. This dataset was then employed to train an advanced deep learning algorithm, effectively integrating hardware control with software analysis. We hereby present a complete application instance of this automated pipeline, demonstrating its capability to deliver objective, markerless, and multidimensional kinematic quantification for rodent research.

A distinctive advantage of the platform lies in the seamless integration of the gait-analysis module with other complementary data-acquisition systems, for example, high-density electrophysiology. By temporally locking gait events to cortical, subcortical, or myoelectric activity, the investigator can dissect the neural correlates of locomotor control and track their post-lesional or post-pathological reconfiguration. This multimodal paradigm offers a further comprehension of the neuromuscular axis and accelerates the study of central–peripheral interactions during dynamic movement. Exemplifying this potential, the Courtine G. group has leveraged a weight-supported treadmill ecosystem—augmented with targeted neuromodulation—to translate pre-clinical insights from spinal cord epidural stimulation to brain–spine interface technologies18–21. Their work has elucidated brain–spinal cord–peripheral loops governing gait, with fine-grained, objective stride phenotyping serving as the analytical cornerstone.

However, several limitations of the current technique must be acknowledged. First, the system currently employs a single camera setup, restricting analysis to 2D kinematics in the sagittal plane. While sufficient for flexion-extension analysis, it could not fully capture rotational movements like hip adduction or abduction, or 3D skeletal deformation. Second, although we estimate the propulsive force index via acceleration, the system lacks embedded force plates for direct Ground Reaction Force measurement, which limits kinetic precision compared to instrumented runways. Future iterations will aim to integrate multi-view camera arrays and force sensors to address these constraints. Regarding subject selection, the study design enforced strict inclusion criteria to match body weight and limb length between groups to ensure the validity of absolute kinetic comparisons, which would necessitate the application of rigorous normalization strategies like gait cycle, as discussed.

In summary, we presented a markerless, deep learning driven treadmill gait-analysis system for the rat that united high-precision pose estimation, continuous kinematic acquisition, and multidimensional kinetic quantification into a single, scalable platform. The apparatus furnished an objective, high-throughput evaluation environment for neuromuscular research by delivering, in real time, planar joint trajectories under conditions of partial body-weight support, variable speed, and adjustable incline. Proof-of-concept data from the SCI rat revealed pronounced deficits in joint excursion, trajectory continuity, propulsive output, and locomotor smoothness, corroborating the platform's discriminative and grading capacity across disease models. Specifically, the platform serves as a versatile solution for longitudinal pathology monitoring of neuro-regeneration, high-throughput screening for pharmacological phenotyping, and closed-loop neuromodulation for precise rehabilitation strategies. Finally, this system demonstrated compatibility with simultaneous neuro-electrophysiological recordings. 

In terms of future applications, the modular architecture facilitates seamless integration with electrophysiological tools. By synchronizing gait events with EEG or EMG signals, researchers can dissect central-peripheral coupling mechanisms. Moreover, the adjustable weight-support system makes this platform uniquely suited for developing and testing closed-loop neuromodulation therapies for severe SCI.
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