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Abstract  

Objective. The main objective of this research is to record both sensory and motor information from the 

ascending and descending tracts within the spinal cord for decoding the hindlimb kinematics during walking 

on the treadmill. Approach. Two different experimental paradigms (i.e., active and passive) were used in 

the current study. During active experiments, five cats were trained to walk bipedally while their hands kept 

on the front frame of the treadmill for balance or to walk quadrupedally.  During passive experiments, the 

limb was passively moved by the experimenter. Local field potential (LFP) activity was recorded using a 

microwire array implanted in the dorsal column (DC) and lateral column (LC) of the L3-L4 spinal segments.  

The amplitude and frequency components of the LFP formed the feature set, and the elastic net 

regularization was used to decode the hindlimb joint angles. Main results. The results show that there is no 

significant difference between the information content of the signals recorded from the DC and LC regions 

during walking on the treadmill, but the information content of the DC is significantly higher than that of 

the LC during passively applied movement of the hindlimb in the anesthetized cats. Moreover, the decoding 

performance obtained using the recorded signals from the DC is comparable with that from the LC during 

locomotion. But, the decoding performance obtained using the recording channels in the DC is significantly 

better than that obtained using the signals recorded from the LC. The long-term analysis shows that robust 

decoding performance can be achieved over 2-3 months without a significant decrease in performance. 

Significance. This work presents a promising approach to developing a natural and robust motor 

neuroprosthesis device using descending neural signals to execute the movement and ascending neural 

signals as the feedback information to control the movement. 

 

Keywords: Neural decoding, hindlimb kinematics, ascending tracts, descending tracts, spinal cord, dorsal 

column, lateral column. 
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1.  Introduction 

Functional electrical stimulation (FES) is a promising technique to restore the lost limb function 

in people with paralyzed extremities. FES produces muscle contraction through electrical 

stimulation of the nervous system. Providing robust and natural command signals is a pivotal issue 

to develop such a system in clinical platforms [1]. Neural recordings can be utilized to decode the 

intended action and translated into a command signal for a neuroprosthetic device. In addition to 

the command signal, sensory information can be recorded to estimate the limb state in a closed-

loop manner for adapting the controller to environmental changes and improving the control 

performance in response to perturbations [1].  

During the last decade, decoding the hindlimb kinematics and muscle EMGs from cortical 

neuronal activity during bipedal walking of monkey [2] and rat [3] and during quadrupedal 

locomotion in rats [4, 5] have been investigated. In [4], it has been tested if multiple movement-

related variables can be decoded by using the simultaneous activity of populations of cells in the 

hindlimb/trunk area of the rat motor cortex during quadrupedal locomotion in rats. 

 Recordings from peripheral nerve have also been used to decode the kinematic information 

[6-8], to detect gait event [9], to recover motor activation [10] using cuff electrodes, and to extract 

the grasp information (e.g., grip types and single finger movement) using intra-fascicular 

electrodes [11, 12]. The cuff recordings provide information from different afferent and efferent 

signals, which limit the resolution of nerve cuffs. The cuff recordings may be also contaminated 

with EMG interference from nearby muscles.  Moreover, multiple nerve cuff electrode recordings 

are required to acquire the information from the entire limb during a complex movement such as 

locomotion [1, 13-15].   

Dorsal root ganglia (DRG) has been also considered as an alternate source for recording 

sensory information. The dorsal root ganglia contain cell bodies of sensory neurons that carry 

sensory information from the periphery to the spinal cord. Studies with microelectrode array 

implanted chronically in the DRG of cats have shown that neural activity recorded simultaneously 

from several DRG neurons can be used to estimate the kinematics (i.e., position, velocity, and 

acceleration) of the hip, knee, and ankle joints during locomotion [16-18] and during passive 

movement of the hindlimb [19-23]. Recently, it has been demonstrated that recordings from the 

surface of the dorsal root ganglion can be modulated by the passive movement of the hindlimb 

[24].  

Page 2 of 29AUTHOR SUBMITTED MANUSCRIPT - JNE-103844.R1

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

A
cc

ep
te

d 
M

an
us

cr
ip

t

http://www.neuroscientificallychallenged.com/glossary/spinal-cord


3 

The recordings from the ventral spinal roots can also be a potential source for extracting motor 

control signals from the nervous system. The ventral spinal roots contain the axons of motor 

neurons in the ventral horn of the spinal cord, which innervates the skeletal muscle. In [25, 26], it 

was demonstrated that it is possible to record from motor axons in the ventral root. In [26], it was 

also shown that the recordings from the ventral roots could be used to estimate the gait phases. 

However, they reported that accurate targeting of the ventral root was difficult through their 

experiments. Moreover, although the ventral root can be a potential source for the extraction of 

motor commands in people with amputees, in the case of spinal cord injury, the ventral root cannot 

provide the intention information for a movement. 

Spinal cord recordings have been also proposed as an alternative source of information for 

decoding limb kinematics. The modulation of dorsal spinocerebellar neurons responses to the limb 

movement has been investigated [27-30]. The spinocerebellar system is one of the main central 

projections of the muscle receptors. It was reported that the activities of dorsal spinocerebellar 

neurons encode the global parameters of limb movement and posture rather than the specific 

muscle or joint parameters. The dorsal horn is an alternate location for extracting sensory 

information. The central branch of the sensory axon enters the dorsal horn of the spinal cord [31]. 

The dorsal horn recordings in rats have been already used for detecting the sensory events 

generated by electrical stimulation [32] or to decode the bladder pressure [33, 34]. In previous 

work, we introduced decoding the hindlimb kinematics using neural recordings from the dorsal 

horn cells during passive hindlimb movements of anesthetized cats [35, 36]. 

A possible source of extracting kinematics information within the spinal cord is the descending 

pathways. The descending pathways, including corticospinal tracts and rubrospinal tracts, have a 

significant role in controlling balance, posture, locomotion, and reaching [37-40]. It was shown 

that there is a correlation between the neural signals recorded from the descending tracts and the 

forelimb movements [41-44]. Recently, they demonstrated that the EMG signals of the forelimb 

flexor and extensor can be decoded from the corticospinal tract signals [45, 46]. 

 In this study, for the first time, we will show that the neural signals recorded from the 

descending tracts of the spinal cord (i.e., lateral column) can be used to decode the hindlimb 

kinematics during walking on the treadmill. Moreover, the feasibility of decoding the hindlimb 

kinematics from the dorsal column is evaluated. The dorsal column which contains ascending 

sensory pathways, carry information about tactile sensations and proprioception to the brain stem 

[31].  
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 An important issue in the design of FES for restoring motor function is the feedback 

information that needs to be stable over a long period. In this paper, we address the stability of 

spinal cord recording by evaluating the decoding performance over long-term. Another critical 

issue in decoding kinematic information from neural signals is the decoding model. In this paper, 

we employ a robust parsimonious linear decoding method known as elastic net [47, 48] to decode 

limb joint angles using extracted local field potential (LFP) features.  

  

2. Materials and methods 

The experiments were conducted on five male cats (3.1-4.2 kg). All surgical procedures and 

experimental protocols involving animal models described in this paper were approved by the 

Institutional Animal Care and Ethics Committee of Iran Neural Technology Research Center, Iran 

University of Science and Technology. The whole protocols and methods were performed in 

accordance with the recommendations and relevant guidelines for the care and use of laboratory 

animals. 

 

2.1. Microwire array fabrication 

The recordings were made from the spinal cord using a custom-made microelectrode array. The 

electrode array was made from Teflon-insulated tungsten wires with diameters of 50 μm (No. 

79550, A-M Systems, USA) and an inter-electrode spacing of 600-800 µm. To record from both 

sensory and motor spinal tracts, the array was designed to cover the dorsal column (DC) region as 

well as the lateral column (LC).  

 The dorsal and lateral columns, at the L3-L4 spinal segments, typically cover a span of ~0.0-

1.5 mm and ~1.5-3.0 mm laterally from the midline to the left side and a span of ~0.0-1.5 and 

~1.5-2.5 mm in depth from the dorsal surface.  The recording electrode lengths varied from 0.5 to 

2.5 mm, which allowed them to fully penetrate the dorsal and lateral columns. At least two 

electrode arrays of varying sizes were prepared to enable the surgeon to some flexibility in the 

placement of the array. In 2×4 arrays, the second row was designed in a similar way but to target 

different depths compared to the first row to increase the chance of placing the electrodes in the 

desired area (figure 1(a)). Teflon insulated microwires were soldered to the header strip connector 

through multi-strand flexible wires. 
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      (a)                                                                                  (b) 

 

 
                                                                               (c) 

Figure 1. Electrode fabrication and implantation overview. (a) Schematic of the custom-made microwire array with 

connector, reference, and ground wires. (b) Schematic figure showing ascending and descending tracts in the spinal 

cord and how and where the microwire array was implanted. (c) A typical histological analysis showing different 

slices of the segment that the microwires were implanted. 

 

2.2. Surgical procedure and implantation process 

2.2.1. Implantation process. Initial anesthesia was induced with an intramuscular injection of 

ketamine (20 mg/kg) into the cranial thigh muscle. Then, the animals were maintained at a surgical 

level of anesthesia under isoflurane inhalation (1.0%–3.0% in O2). A partial 4×4 mm laminectomy 

was performed over the left (with respect to the rostral-caudal vector) L4 vertebra. Four screws 

were inserted into the bone of L4 vertebra in the more bulky regions. We utilized these screws as 

an anchor for the array and connector. The array and connector will later be fixed to the vertebra 

Page 5 of 29 AUTHOR SUBMITTED MANUSCRIPT - JNE-103844.R1

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

A
cc

ep
te

d 
M

an
us

cr
ip

t



6 

by using dental acrylic. After laminectomy and drilling screws to the vertebra, a 28-gauge sterile 

needle bent at 90 degrees was employed to make an incision in the dura matter. Then, a 4×4mm 

section of dura matter below the left L4 vertebra was gently resected using a microscissor to expose 

the spinal cord. The animal was then mounted in a stereotactic frame (SN-1N, Narishige Group 

Product, Japan) and the spinal L5 vertebra was clamped tightly to the frame to restrict the spinal 

cord movement and stabilize it during array insertion. The microelectrode connector was then 

attached to a micromanipulator (SM-15, Narishige Group Product, Japan) that could control the 

three-dimensional positioning of the electrode with a minimum graduation of 10 μm. The electrode 

array was then positioned at the locations within the L3-L4 segments to cover the dorsal and lateral 

columns (figure 1(b)). The recording ground wire was attached to a bone screw inserted in the L3 

or L5 vertebra and the reference wire was placed proximally in the epidural space. A layer of 

sylgard 184 covered the surface of the spinal cord. After that, the dental acrylic was applied to fix 

the implantation array to the bone.  

 

2.2.2. Post-surgical treatment and care. After surgery, the animals were transferred to a recovery 

room separated from other animals. While regaining consciousness, the possible excessive struggle 

of the animal may damage the implant or spinal cord. Hence, low-dose meloxicam (0.2 mg/kg) 

was subcutaneously administered before transferring the animal to the recovery room. Cefazolin 

(30mg/kg) was intramuscularly injected twice daily for a week after surgery. Moreover, tramadol 

(2mg/kg) was intramuscularly injected daily for relieving pain for two or three days after surgery. 

In a few days after surgery, cats may lose food appetite and need more attention. Excretion and 

urination of cats were also monitored every day to check possible abnormalities in the urinary 

system. During the first week after implantation, abnormal gate or posture might appear. These 

abnormalities may be due to the electrode placement in the spinal cord tissue or movement 

restriction of vertebrae and usually will be eliminated after one to three weeks by encouraging the 

cat to walk gradually.  

 

2.2.3. Histology. For the histology, the animal was deeply anesthetized and a low-level direct 

current (15 µA for 15 s) was delivered through the electrodes to make electrolytic lesions at the 

recording sites. The microelectrode array was then removed and the spinal cord was harvested and 

submerged in a fixative solution (formaldehyde 10%). The spinal cord was kept in the fixative 

solution for a few days to permit the tissue to set and become sufficiently firm to slice. Then, the 
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tissue was processed and embedded in a paraffin block, sliced at 5  μm using a vibratome, placed 

onto slides, and stained with Hematoxylin and Eosin (H&E). Further microscopic examination 

was performed and the cavities produced at the tip of the electrodes were checked by a pathologist.  

Figure 1(c) shows a typical histological analysis to test the implantation process of this experiment. 

This analysis shows that the dimensions of the designed electrode array are suitable for electrode 

placement in the desired area. 

 

2.3. Experimental procedure 

All cats were trained before surgery to walk freely on a moving treadmill at the speed of about 

0.14-0.2 m/s. Two different experimental paradigms, active and passive experiments, were 

considered in this study. Active experiments were performed during full consciousness, while 

passive experiments were conducted during anesthesia. During active experiments, cats freely 

walked on the treadmill. Three cats (1, 4, and 5) were trained to walk bipedally while keeping their 

hands on the front frame of the treadmill for balance. Two other cats (cats 2 and 3) walked 

quadrupedally while four hands and legs were on the treadmill during walking (see figure 2 and 

supplementary video). Animals were encouraged to walk by rewarding pellet food. During passive 

experiments, cats were mounted in a modified stereotaxic that allowed the hindlimb to hang freely 

in space. The left hindlimb was manually moved by the experimenter to simulate a locomotion 

pattern (see supplementary video). 

 The recordings were performed almost once a week during normal walking on the treadmill 

and every month during passive movement. During each day of the active experiment, 1-3 

sessions, and on each day of the passive experiment, five recording sessions were performed. The 

resulting dataset is summarized in table 1. The durability of long-term recording for each cat was 

different. The decoding performance began to decrease after 87 days for cat 1, after 97 days for 

cat 2, after 61 days for cat 3, after 74 days for cat 4, and after 71 days for cat 5. Hence, different 

sessions of experiments were performed for each cat (table 1). The duration of each recording 

session was between 2-4 min. 

 

2.4.   Joint angle measurements 

The hindlimb kinematics were captured by the high-speed (1-megapixel resolution) motion capture 

system (Vicon Motion Systems Ltd., UK) at 50 fps with three cameras perpendicular to the sagittal 

plane on the left at a distance of approximately 2 m from the animal. The reflective markers were 
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attached to the iliac crest, greater trochanter (hip joint), lateral condyle of the femur (knee joint), 

lateral malleolus (ankle joint), and the distal end of the fifth metatarsophalangeal (MTP) joint of 

the cats. Motion capture software (Tracker 2.2, Vicon, UK) was used to acquire the coordinate of 

the markers. Using five marker positions, three joint angles (ankle, knee, and hip) were calculated 

using a custom Matlab program. Motion data were then down-sampled to 10 Hz. 

 
Figure 2. Schematic representation of the experimental setup. Kinematics information was recorded using a motion 

capture system. Neural signals were recorded during walking on a treadmill and converted from analog to digital using 

a data acquisition system and were then used to decode the joint angles in a desktop computer. 

Table 1. Summary of data collected from each cat. 

Cat 
Walking 

style 

Recording 

durability (days) 

Implanted array 

dimension 

Number of sessions 

(active/passive) 

Duration of each 

recording (min) 

1 Bipedal 87  1 × 4 26 (16/10) 4 

2 Quadrupedal 97 1 × 4 30 (15/15) 4 

3 Quadrupedal  61 2 × 4 19 (14/5) 3 

4 Bipedal 74 2 × 4 24 (14/10) 3 

5 Bipedal 71 2 × 4 24 (14/10) 2 

 

 

2.5. Neural signal recording and preprocessing 

Neural signals were recorded during walking on a treadmill and passive movement using a data 

acquisition system (USB-ME64 system, Multichannel Systems Reutlingen, Germany) at 20 kHz 

sampling rate. The recorded raw signals were down-sampled to 1 kHz and band-pass filtered 
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between 0.5 and 300 Hz using an elliptic filter of order two to extract LFP signal. Then, the signals 

were digitally notch filtered at 50, 100, and 150 Hz to remove power line interference. 

 The average amplitude of the LFP signal (ALFP) and the average of the power spectrum in 

the three logarithmically spaced frequency bands (0.5-30 Hz, 30-120 Hz, and 120-300 Hz) were 

used as the features to decode the kinematic information. In this work, we refer to these three bands 

as the low-frequency (LF), mid-frequency (MF), and high-frequency (HF) bands. To extract the 

features, the short-time Fourier transform (STFT) was applied to the LFP signal to generate power 

spectra over time with a 500 ms Hanning window with 80% overlap. The same window was used 

to calculate the ALFP feature. Ten time-lags of each feature (𝑡, 𝑡 − 100 𝑚𝑠, … , 𝑡 − 900 𝑚𝑠) were 

also included in the feature set at time t (we will show later that the time-lags of each feature has 

a contribution to the decoding process). Hence, for each recording channel, we extracted 40 (4×10) 

features, which totally resulted in 160 and 320 features for 1×4 and 2×4 arrays, respectively (figure 

3).  

 

 

Figure 3. Schematic illustration of the neural signal processing and feature extraction. The features were 

extracted from 500-ms windows with 80% overlap and applied to each decoding model for estimating the 

joint angle. A specific decoding model was designed for each joint angle. 

2.6. Decoding model  

Decoding neural signals to predict the limb kinematics can be considered as a regression problem. 

Regression analysis is a statistical technique for determining the relationship between a response 
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variable (e.g., y) and one or more independent (predictors) variables (e.g., x). To be specific, 

consider a general regression model defined by 

𝑦𝑡 = 𝑓(x𝒕) + 𝜀𝑡                                                           (1) 

where 𝑦𝑡 is the joint angle (hip, knee, or ankle angle),  𝐱𝑡 is the feature vector at time t (i.e., ALFP, 

LF, MF, and HF extracted from all channels and their ten time-lags as depicted in figure 3), and  𝜀 

is an additive white-noise term of zero mean and variance 𝜎2. Linear regression approximates 𝑓(. ) 

by a linear model as 

𝑦̂𝑡 = 𝐱𝑡
T𝛃 + 𝛽0                                                                    (2) 

For each joint angle, a model is identified (figure 3). The size of the coefficient vector 𝛃 is equal 

to the size of the feature vector 𝐱𝑡 and each element of the coefficient vector 𝛃 corresponds to one 

feature element in the feature vector 𝐱𝑡. We define each element of the vector 𝛃 as 𝛽𝑓𝑒𝑎𝑡𝑢𝑟𝑒,𝑙𝑎𝑔,𝑐ℎ, 

where feature can be one of ALFP, LF, MF, or HF,  lag specifies the time-lag of the feature, and 

ch specifies the channel. A conventional method to estimate the coefficient vector (𝛃  and 𝛽0 ) is 

the ordinary least squares (OLS). The OLS estimates are obtained by minimizing the residual sum 

of squares. To improve the performance of the OLS algorithm, different penalization techniques 

have been proposed [47, 48].  In this paper, we used the elastic net regularization. Similar to the 

lasso, the elastic net simultaneously does automatic variable selection and continuous shrinkage, 

and it can select groups of correlated variables. The elastic net criterion is defined as follows [47, 

48]: 

 

𝐿(𝛼, 𝛃) = |𝐲 − 𝐗𝛃|2 + 𝜆𝑃𝛼(𝛃)                                                       (3) 

where 𝐲 = [𝑦1, 𝑦2, … , 𝑦𝑁]𝑇 and  𝐗 = [𝐱𝟏, 𝐱𝟐, … , 𝐱𝑵]𝑇 are N observation pairs and 𝑃𝛼 is  the penalty 

term of the elastic net, which is a convex combination of the lasso and ridge penalty terms as 

follows: 

𝑃𝛼(𝛃) = 𝛼‖𝛃‖𝑙2

2 + (1 − 𝛼)‖𝛃‖𝑙1
                                                   (4) 

when 𝛼 = 0 or 𝛼 = 1 elastic net is similar to lasso or ridge, respectively. Any values of 𝛼 between 

0, 1 make a compromise between these two methods. The coefficient vector 𝛃 is estimated using 

the least angle regression (LARS) algorithm for the elastic net (LARS-EN), which is a simple 

modification of a stepwise algorithm [49]. Briefly, LARS starts with all coefficients set to zero. 

Then it searches the predictor with the largest absolute correlation with the response and takes the 

step in the direction of this predictor up to the point that another predictor becomes as much 
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correlated with the current residual. At this stage, LARS proceed in a new direction equiangular 

between the two predictors until another predictor enters the subset, and so on. 

Input variables are in standardized form by first removing the mean and then dividing by the 

standard deviation. Mean and standard deviation for each dimension of input is calculated and 

updated when each new observation is received: 

𝑥𝑡,𝑗 = (𝑥𝑡,𝑗
∗ − 𝑚𝑡,𝑗)/𝑠𝑡,𝑗                                                        (5) 

where 𝑥𝑡,𝑗
∗  is the observed signal at time t and 

𝑚𝑡,𝑗 =
1

𝑡
∑ 𝑥𝑛,𝑗

∗

𝑡

𝑛=1

 

𝑠𝑡,𝑗 = (
1

𝑡
∑(𝑥𝑛,𝑗

∗ − 𝑚𝑡,𝑗)2

𝑡

𝑛=1

)
1
2 

2.7. Data analysis  

2.7.1 Performance evaluation 

To assess the performance of the decoding the limb kinematics, the normalized root-mean-square 

(NRMS) of the estimation error and the coefficient of determination, 𝑅2 value were used. The 

NRMS and 𝑅2 were defined as 

NRMS =  
√

1

𝑁
∑ (𝑦𝑛−𝑦̂𝑛)2𝑁

𝑛=1

𝑚𝑎𝑥(𝐲)−𝑚𝑖𝑛 (𝐲)
                                                (6) 

R2 = 1-
∑ (𝑦𝑛−𝑦̂𝑛)2N
n=1

∑ (𝑦𝑛−𝑦̅)2N
n=1

                                                       (7) 

where 𝑦 is the measured joint angle and  𝑦̅ is its mean value, 𝑦̂ is the estimated angle, and N is the 

number of data points. Moreover, in order to evaluate the information content of the neural signals, 

the mutual information (MI) was calculated between LFP features and the hindlimb kinematics. In 

contrast to the linear correlation coefficient, which measures the linear relationship between 

variables, MI takes into account both linear and nonlinear dependency. In this work, mutual 

information was estimated using adaptive partitioning algorithm proposed in [50]. We used three-

fold cross-validation for training and testing the model. During each fold, the coefficient vector β 

and the parameter 𝜆 were estimated and validated using five-fold cross-validation on the training 

data. The number of fold was selected by trial and error to obtain better performance. The recorded 

data were split into blocks of contiguous samples of recorded data. Training, validation, and test 

were performed on each data file obtained during each session of the experiment. In each round of 
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three-fold, 67% of data was assigned for training and model parameter selection, and the remaining 

33% of data were assigned to test the model. Finally, the average of the decoding performance 

across three folds and all sessions of the experiment was computed. 

 

2.7.2 Regression analysis 

Based on the coefficients of the decoding models (2), three quantities were defined to estimate the 

contributions of each recording channel, time lag, and feature type (LF, MF, HF, and ALFP) in 

the decoding model of each joint angle as follows [51, 52]: 

𝑊𝑠(𝑐ℎ) =
∑ ∑ |𝛽𝑓𝑒𝑎𝑡𝑢𝑟𝑒,𝑙𝑎𝑔,𝑐ℎ|𝑙𝑎𝑔𝑓𝑒𝑎𝑡𝑢𝑟𝑒

∑ ∑ ∑ |𝛽𝑓𝑒𝑎𝑡𝑢𝑟𝑒,𝑙𝑎𝑔,𝑐ℎ|𝑐ℎ𝑙𝑎𝑔𝑓𝑒𝑎𝑡𝑢𝑟𝑒
                                      (8) 

𝑊𝑓(𝑓𝑒𝑎𝑡𝑢𝑟𝑒) =
∑ ∑ |𝛽𝑓𝑒𝑎𝑡𝑢𝑟𝑒,𝑙𝑎𝑔,𝑐ℎ|𝑙𝑎𝑔𝑐ℎ

∑ ∑ ∑ |𝛽𝑓𝑒𝑎𝑡𝑢𝑟𝑒,𝑙𝑎𝑔,𝑐ℎ|𝑐ℎ𝑙𝑎𝑔𝑓𝑒𝑎𝑡𝑢𝑟𝑒
                                   (9) 

𝑊𝑡(𝑙𝑎𝑔) =
∑ ∑ |𝛽𝑓𝑒𝑎𝑡𝑢𝑟𝑒,𝑙𝑎𝑔,𝑐ℎ|𝑐ℎ𝑓𝑒𝑎𝑡𝑢𝑟𝑒

∑ ∑ ∑ |𝛽𝑓𝑒𝑎𝑡𝑢𝑟𝑒,𝑙𝑎𝑔,𝑐ℎ|𝑐ℎ𝑙𝑎𝑔𝑓𝑒𝑎𝑡𝑢𝑟𝑒
                                    (10) 

where 𝑊𝑠(𝑐ℎ), 𝑊𝑓(𝑓𝑒𝑎𝑡𝑢𝑟𝑒), and 𝑊𝑡(𝑙𝑎𝑔) are representing the importance of each recording 

electrode, each feature, and each time lag in decoding performance, respectively.  𝛽𝑓𝑒𝑎𝑡𝑢𝑟𝑒,𝑙𝑎𝑔,𝑐ℎ 

represents the coefficient of the regression model for a feature at a specific time-lag extracted from 

a channel. 𝑊𝑠(𝑐ℎ) for each recording electrode is calculated by summing up the absolute values 

of decoding coefficients of that electrode across time lags and features and then normalized by the 

absolute sum of all coefficients. 𝑊𝑓(𝑓𝑒𝑎𝑡𝑢𝑟𝑒) and 𝑊𝑡(𝑙𝑎𝑔) were also calculated in the same way 

based on (9) and (10), respectively.  

 

2.7.3 Statistical analysis 

All data analyses and decoding models were performed with customized algorithms written in 

MATLAB. One-way and two-way analyses of variance (ANOVA) followed by the Tukey’s HSD 

posthoc test were used to assess the statistical significance of the results and differences and a 

confidence level of 95% (p < 0.05) was chosen to indicate a significant difference. 

 

3.  Results 

3.1. Signal measurement and feature representation 

Figure 4 shows typical recorded joint angles, intraspinal LFP activity, the amplitude of the LFP 

signal, the average of the power spectrum in the three logarithmically spaced frequency bands 

(0.5-30 Hz, 30-120 Hz, and 120-300 Hz), and corresponding time-frequency analysis during a 
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typical trial of active (cat 2, 73 days post-implant) and passive movement (cat 2, 29 days post-

implant) of the hindlimb. It is seen that the LFP signal recorded from the dorsal column closely 

tracks the joint angle during both passive and active movement. During this trial of passive 

movement, almost a full-wave rectified sine wave pattern was generated for the three joints. 

Interestingly, the same wave pattern was produced by the neural activity in the spinal cord. Even, 

the effects of the small variations that occurred in cycles 2 and 3 of the ankle joint angle have 

appeared in the LFP signal. The frequency components could clearly reflect all changes in the joint 

angle patterns. Although the movement patterns (i.e., joint angle trajectories) generated during 

walking on the treadmill (figure 4(b)) were not regular as much as that during passive movement, 

the recorded spinal dorsal column neuronal responses could closely reflect the changes of the joint 

angles.                                                                               

3.2. Regression contribution analysis 

In this section, the results of the regression analysis are presented to investigate the contribution 

of the features, recording channels, and signal samples in decoding the hindlimb kinematics. 

Figure 5 shows the results of the regression analysis for five cats during walking on the treadmill. 

It can be seen that recording electrodes in both the LC and DC contributed to the decoding during 

active movement (figure 5(a)). However, the most lateral and the most dorsal electrodes show 

more contribution to the decoding performance in cats 1, 3, 4, and 5.  

The contribution of the extracted features is shown in figure 5(b). The results of the two-way 

ANOVA show that there is a significant difference in the contribution of the features to the 

decoding process for all cats (𝑝 < 0.0001).  The results of Tukey’s HSD posthoc analysis show 

that, compared to the frequency bands, the amplitude of the LFP signal has a significant 

contribution to the movement decoding (𝑝 < 0.01).  Moreover, the results show a statistically 

significant interaction between joint angles and features (𝑝 < 0.03).  It can be seen that the 

contributions of the LF and HF bands are more than that of the MF bands for all cats and all joints. 

However, for some cats and some joints, this contribution is significant. For example, for the ankle 

joints of cats 2 and 3, the contributions of the LF and HF bands are significantly more than that of 

the MF band (𝑝 < 0.01).  
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                                                                                  (a) 

    
                                                                                 (b) 

     
                                                                                 (c) 

 

    
                                                                                 (d) 

 

Figure 4. An example of the measured joint angles and neural signal recorded from the dorsal column during passive 

(left, cat 2, 29 days post-implant) and active (right, cat 2, 73 days post-implant) movements. (a) Measured joint angles. 

(b) Band-pass filtered (0.5-300 Hz) neural signal and corresponding amplitude of the LFP. (c) Frequency bands of the 

recorded neural signal. (d) Time-frequency representation of the LFP signal.  
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     (a)                                                     (b)                                            (c) 

 

Figure 5. Regression contribution analysis using the coefficients of the decoding model across different joint angles 

and animals during cat walking freely on a treadmill. (a)  Contributions of different recording channels, to the decoding 

hip, knee, and ankle angles (red color indicates the highest contribution and blue lowest contribution). (b) 

Contributions of features, to the decoding. Features with significantly greater contribution than others (based on one-

way ANOVA for each angle) are shown by asterisks. (c) Temporal contributions of different time lags. Time lags with 

significantly greater contributions than their median are shown by asterisks. The error bar on each graph represents 

the standard deviation. 
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Significantly greater temporal contributions than their median (𝑝 < 0.01 one-way ANOVA 

followed by Tukey’s HSD, asterisks in figure 5(c)) were found within 400 ms before the predicted 

instant. Here, the fifth lag was considered as the median. Temporal contribution decreases as the 

time lag increases.                                                                                 

Figure 6 shows the results of the regression analysis for five cats during the passive hindlimb 

movements of the anesthetized cats. The most contribution of the recording channels is related to 

the channels in the dorsal column. However, some contributions can be seen for recording channels 

in the lateral column for cats 1, 3, and 4.   

Similar to regression analysis during walking on the treadmill, the amplitude of the LFP signal 

has also made a significant contribution to the movement decoding (𝑝 < 0.0001,  two-way 

ANOVA followed by Tukey’s HSD posthoc) during passive movements. Furthermore, the results 

show that there is no statistically significant interaction between joint angles and features (𝑝 >

0.99) during passive movement. The zero time lag in the input time series provides significantly 

greater temporal contributions than their median (𝑝 < 0.01 one-way ANOVA followed by 

Tukey’s HSD). It is observed that the input with time lag 800 ms has the least contribution, but the 

contribution begins to increase for the time lag 900 ms for all cats. This may be due to the periodic 

nature of the movement pattern during passive experiments.  

3.3. Mutual information analysis 

In this section, the relative kinematic information of the extracted features and the recording 

channels in both the DC and the LC regions is investigated using MI analysis during active 

locomotion in awake cats and passive movement in anesthetized cats. For this purpose, the average 

of MI between each joint angle and each LFP features (LF, MF, HF, and ALFP) for each recording 

channel was computed. Then, the average of MI for each joint angle over the recording channels 

in the DC as well as LC regions was computed (figure 7). 

A two-way ANOVA, considering electrode location (DC or LC) as the column factors and the 

features (LF, MF, HF, or AE) as the row factors, was performed and followed by Tukey’s posthoc. 

The results show that the LFP amplitudes contain significantly more information than the 

frequency components (𝑝 < 0.0001) during both active locomotion and passive movement. It is 

interesting to note that there is no statistically significant difference between the information 

content of the signals recorded in the DC and LC regions (𝑝 > 0.29 and type II error of 𝛽 = 0.38 

at the significance level of 𝑝 = 0.05) during active movement.  But, the information content of the 

DC  is significantly higher than that of the LC  (𝑝 < 0.01) during passive movement. 
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     (a)                                                     (b)                                            (c) 

 

Figure 6. Regression contribution analysis using the coefficients of the decoding model across different joint angles 

and animals during passive movements. (a)  Contributions of different recording channels, to the decoding hip, knee, 

and ankle angles (red color indicates the highest contribution and blue lowest contribution). (b) Contributions of 

features, to the decoding. Features with significantly greater contribution than others (based on one-way ANOVA for 

each angle) are shown by asterisks. (c) Temporal contributions of different time lags. Time lags with significantly 

greater contributions than their median are shown by asterisks. The error bar on each graph represents the standard 

deviation. 
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                        Hip angle                                      Knee angle                                      Ankle angle                             

   
                                                                                        (a) 

   
                                                                                                 (b) 

Figure 7. Mutual information between each feature (i.e., low frequency, mid-frequency, and high-frequency bands 

and averaged amplitude of LFP signal) that is extracted from the neural signals recorded from the lateral column (red) 

as well as the dorsal column (blue), and each joint angle trajectory during the active movement (a) and passive 

movement (b). The error bar on each bar graph represents the standard deviation.  

 

We further calculated the MI values between LFP signals of different recording channels during 

active and passive movements, and the results are presented in figure 8. The results show that as 

the electrode inter-distance increases, the MI decreases. The average of the MI between the 

recording channels in the LC region, in the DC region, and between the recording channels in the 

DC and LC during both walking on the treadmill and passive movements is computed and is shown 

in figure 8(d). The results show that the MI between the recording channels in the DC and LC 

during walking on the treadmill is higher than that during passive movements (𝑝 = 0.06). 

Moreover, the MI between recording channels in the LC during walking on the treadmill is higher 

than that of passive movement (𝑝 = 0.007). 
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                                                                                   (a) 

 

              Cat 1                        Cat2                        Cat 3                        Cat4                        Cat5 

      
                                                                                   (b) 

     
                                                                                            (c) 

 
                                                                                           (d) 

Figure 8. Mutual information between the LFP signals of different recording channels. (a) Schematic illustration of 

the spatial position of the implanted electrodes in the lateral and dorsal columns. (b) Mutual information between the 

recording channels during the active experiment. (c) Mutual information between the recording channels during the 

passive experiment. (d) Average of MI between recording channels in the LC region as well as the DC region and 

between the LC and DC regions. The error bar on each bar graph represents the standard deviation. 
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Figure 9 shows an example of decoding the limb kinematics using the neural signals recorded from 

the recording channels in the DC region, in the LC region, or both in the DC and LC regions during 

active and passive experiments.                                                                           

Figure 10 shows the average of the decoding performance using the recording channels in each 

region as well as in both regions. During walking on the treadmill, the averages of the coefficient 

of determination (R2) are 0.33, 0.34, and 0.40 using the recording channels in the DC, the LC, and 

both in the DC and LC regions, respectively, and during passive movement are 0.53, 0.42, and 

0.57. During walking on the treadmill, the average NRMS errors obtained are 0.15, 0.15, and 0.14 

using the recording channels in the DC, in the LC, and both in the DC and LC regions, respectively, 

and during passive movement are 0.17, 0.19, and 0.16. 

The results of statistical analysis show that there is no statistically significant difference 

between the decoding performance obtained by the recording channels in the DC and that obtained 

by the LC during walking on the treadmill (𝑝 > 0.64 and type II error 𝛽 = 0.27 at the significance 

level of 𝑝 = 0.05). But, during the passive movement, the decoding performance obtained using 

the recording channels in the DC is significantly different from that obtained using the channels in 

the LC (𝑝 < 0.0001). 

The decoding performance obtained using all the recording channels both in the LC and DC 

regions is significantly better than that obtained using only the channels in the LC region (𝑝 <

0.001) during both active and passive experiments and significantly better than that obtained using 

the channels in the DC during awake experiments (𝑝 < 0.001). However, there is no significant 

difference between all channels and the DC during passive experiments.                                                                              

 

3.5. Long-term stability of decoding performance 

To evaluate the long-term signal quality, we calculated the decoding performance for each session 

of the experiment over a long-term period (about 23 months) (figure 11). The results of the 

statistical analysis based on the Spearman correlation test shows that there is no significant 

monotonic increase in NRMS values over time (𝑝 > 0.1 and |𝜌| < 0.4). Also, the Spearman 

correlation test shows no monotonic decrease in R2 values over time (𝑝 > 0.01 and |𝜌| < 0.64).  
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                                                                                  (a) 

    
                                                                                  (b) 

    
                                                                                   (c) 

Figure 9. Examples of decoding the joint angles during active (left) and passive (right) movements. (a) Decoding 

using signals recorded from the lateral column. (b) Decoding using signals recorded from the dorsal column. (c) 

Decoding using signals recorded from both the dorsal and lateral columns. The results were obtained from cat 5, 42 

days post-implant for active movement and 31 days post-implant for passive movement. 
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                                                                               (a) 

   
                                                                              (b) 

Figure 10. Average decoding performance during active (left) and passive (right) movements using the LFP signals 

recorded from electrodes implanted in the LC (red), in the DC (blue), and all electrodes implanted in both the LC and 

the DC reigns (brown). (a) Averaged R2 values. (b) Averaged NRMS errors. The error bar on each bar graph represents 

the standard deviation. 

                                                                               

4.  Discussion and conclusions 

This study addresses the problem of estimating the hindlimb kinematics using neural signals 

recorded from the spinal cord. In contrast to our previous work, which provided decoding the 

hindlimb kinematics from multi-segment recordings of the dorsal horn neurons during passive 

movement, the current study addresses the problem of estimating the hindlimb information the 

ascending and descending tracts during walking on the treadmill as well as passive movement. A 

custom microwire array was designed such that both dorsal and lateral columns in the spinal cord 

were mediolaterally and dorsoventrally covered. 
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                                                                                Cat 1  

 

                                            Cat 2                                                                              Cat 3                      

   

                                          Cat 4                                                                               Cat 5 

   

Figure 11. Long-term decoding performance during walking on the treadmill. 𝑅2 and NRMS values for each joint 

angle and each animal show no significant decrease over the recording period.  

 

The results of the regression contribution analysis indicated that the recording electrodes in 

both the LC and DC contributed to the decoding during active movement. However, the most 
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lateral and the most dorsal electrodes show more contribution to the decoding performance. In 

contrast, the most contribution of the recording channels is related to the channels in the dorsal 

column during the passive movement. The results of mutual information analysis and decoding 

performance confirm this contribution. There is no statistically significant difference between the 

information content of the signals recorded in the DC and LC regions (𝑝 > 0.29) during active 

movement, but the information content of the DC is significantly higher than that of the LC (𝑝 <

0.01) during passive movement. The results also show that there is no statistically significant 

difference (𝑝 > 0.64) between the decoding performances obtained by the channels in the LC 

region and DC region during walking on the treadmill. But, during the passive movement, the 

decoding performance obtained using the recording channels in the DC is significantly better than 

that obtained using the channels in the LC (𝑝 < 0.0001). The results of this analysis indicate that 

the descending tracts in the spinal cord can be considered as a source for extracting the motor 

commands and the ascending neural signals in the spinal cord as the feedback information for 

neuroprosthetic applications. 

The regression analysis results about the contribution of the frequency bands show that the LF 

and HF bands convey more information about the limb movement than the MF band. Interestingly, 

these findings are almost in agreement with the previously published literature about the role of 

frequency components of the LFP signal recorded from the brain [57-62]. It has been shown that 

the theta rhythm (e.g., 6-12 Hz) in the subcortical regions is associated with the movement 

dynamics (e.g., speed of locomotion and transition from resting to locomotion) [57-59]. The neural 

oscillations in the entire gamma range (30-120 Hz) are associated with decision-making, increased 

attention, and improved reaction times [60]. Higher-frequency band (>100 Hz) provides indirect 

access to the spike outputs of neurons [61]. In our previous work [62], it was shown that the high-

frequency band of ECoG signal inside the range of 200-400 Hz contain significant information 

about the movement dynamics. 

 A problem facing the cortically driven brain-computer interface for control of locomotion is 

the lack of signals derived from subcortical centers involving in initiation, regulation, and decision 

making, such as the midbrain, hindbrain, cerebellum, brain stem, and basal ganglia [40, 53-56]. A 

potential solution for this problem would be to extract the details of motor execution using the 

descending signals in the spinal cord, while the cortically driven brain-computer interface can be 

utilized for extracting the high-level motor command information. The results of this analysis show 
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that the low-level execution of the motor execution can be extracted from descending signals in 

the spinal cord.   

 The results of this study show that the recorded spinal signals could closely track the joint 

angle trajectories using a linear model. The decoding performance can be improved by using 

nonlinear methods and will be considered as the object of the future study. The validation of the 

current study was limited to within-session cross-fold-validation. From a practical standpoint, it is 

compelling to train a model for a subject and could transfer the learning to different subjects and 

different sessions. Non-stationarity and low signal-to-noise ratio (SNR) characteristics of the 

neural signals, electrode displacement, and electrode-tissue impedance variations are grand 

challenges to design a universal machine leaning model that is optimal for different subjects and 

different sessions of experiment. To cope with this problem, various machine learning algorithms 

such as active learning and transfer learning (TL) have been proposed by the researchers. In TL, 

the data from relevant subjects or sessions were used to facilitate learning for a new subject or new 

session. Utilizing the TL for building a general decoding model could be explored in future studies. 

 Another critical issue in decoding the hindlimb kinematics as the feedback information for 

control of FES is the long-term stability. Unfortunately, there is a lack of reports on investigating 

the long-term stability of decoding using neural signals recorded from the spinal cord. The results 

of this work show that stable decoding performance can be achieved over 8 to 14 weeks without 

significant monotonic degradation of performance. 

 Fabrication and implantation of the intraspinal microwires are other challenges facing the 

neural recording from the spinal cord. Additionally, implanting microwires into the body always 

carries the risk of infection and migration. However, recent progress in microwire fabrication and 

knowledge gained from implantable electrodes on animals [63-65] can be applied to a chronically 

implanted prosthetic device.  

 As a concluding remark, this work presents a promising approach to developing 

neuroprosthetic systems that provide an interface between the above and below the level of spinal 

cord injury using the descending neural signal in the spinal cord.  

 

Data availability 

All datasets obtained during the current study are available from the corresponding author on 

reasonable request. 
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