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Abstract
Objective. The goal of this study was to develop control strategies to produce alternating, 
weight-bearing stepping in a cat model of hemisection spinal cord injury (SCI) using 
intraspinal microstimulation (ISMS). Approach. Six cats were anesthetized and the functional 
consequences of a hemisection SCI were simulated by manually moving one hind-limb 
through the gait cycle over a moving treadmill belt. ISMS activated the muscles in the other 
leg by stimulating motor networks in the lumbosacral enlargement using low levels of current 
(<110 µA). The control strategy used signals from ground reaction forces and angular 
velocity from the manually-moved limb to anticipate states of the gait cycle, and controlled 
ISMS to move the other hind-limb into the opposite state. Adaptive control strategies were 
developed to ensure weight-bearing at different stepping speeds. The step period was predicted 
using generalizations obtained through four supervised machine learning algorithms and used 
to adapt the control strategy for faster steps. Main results. At a single speed, 100% of the steps 
had sufficient weight-bearing; at faster speeds without adaptation, 97.6% of steps were weight-
bearing (significantly less than that for single speed; p  =  0.002). By adapting the control 
strategy for faster steps using the predicted step period, weight-bearing was achieved in more 
than 99% of the steps in three of four methods (significantly more than without adaptation 
p  <  0.04). Overall, a multivariate model tree increased the number of weight-bearing steps, 
restored step symmetry, and maintained alternation at faster stepping speeds. Significance. 
Through the adaptive control strategies guided by supervised machine learning, we were able 
to restore weight-bearing and maintain alternation and step symmetry at varying stepping 
speeds.

Keywords: spinal cord injury, neural prostheses, functional electrical stimulation, 
machine learning, locomotion, intelligent control
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Introduction

A spinal cord injury (SCI) results in severe motor and sensory 
paralysis as well as autonomic dysfunction. Incomplete inju-
ries account for two-thirds of all SCIs (‘Spinal Cord Injury 
(SCI) 2016 Facts and Figures at a Glance’, 2016). Regaining 
the ability to walk is a high priority for people with paraplegia 
(Brown-Triolo et  al 2002, Anderson 2004). Although tre-
mendous advances have been made in spinal cord regenera-
tion (Davies et al 1997, Murray and Fischer 2001, Raisman 
2001, Novikova et al 2017), human trials to date have failed 
to produce functional benefits (Hulsebosch et al 2000, Kim 
et al 2017). If regeneration succeeds in the future, it will likely 
require additional rehabilitation interventions.

To date, several interventions using functional electrical 
stimulation (FES) have been developed to restore walking 
after SCI (Chaplin 1996, Kobetic et al 1999, Guiraud et al 
2006, Hardin et al 2007). FES of peripheral nerves and mus-
cles produces large forces that enable multiple tasks (e.g. 
standing, walking, reaching, grasping). However, this tech-
nique is limited by rapid fatigue (Peckham and Knutson 
2005), thus restricting its use to short distances of walking 
(<100 m (Thrasher and Popovic 2008)). An alternative 
approach is to target the spinal cord to activate the muscles 
of the legs. Epidural stimulation of the dorsal surface of 
the spinal cord has been shown to aid in the generation of 
voluntary leg movements (Barolat et al 1986, Angeli et al 
2014). Alongside body-weight-supported treadmill training 
(BWSTT), epidural stimulation could achieve standing with 
minimal assistance in subjects with a chronic motor com-
plete SCI (Rejc et  al 2015). Epidural stimulation applied 
with BWSTT in people with incomplete SCI improved over-
ground walking capacity (Carhart et  al 2004). In animal 
models of SCI, epidural stimulation in combination with 
intensive BWSTT and pharmacological activation has been 
shown to restore locomotion (Courtine et al 2009, Musienko 
et al 2012, van den Brand et al 2012, Capogrosso et al 2016). 
Epidural stimulation may have assisted with endogenously 
occurring spinal cord plasticity by increasing the basal 
activity of neurons, as has also been demonstrated through 
transcutaneous spinal cord stimulation in individuals with 
SCI (Hofstoetter et  al 2015, Inanici et  al 2018, Minassian 
et al 2016). However, it is unclear if the epidural stimulation 
alone is able to produce functional, weight-bearing over-
ground walking.

Intraspinal microstimulation (ISMS) produces large forces 
in the leg muscles that are fatigue resistant (Mushahwar and 
Horch 1997, Saigal et  al 2004, Bamford et  al 2005). By 
implanting fine microwires (30–50 µm diameter) into the 
ventral horn of the lumbosacral enlargement, ISMS activates 
individual muscles as well as produce multi-joint syner-
gies (Mushahwar and Horch 1998, 2000, Saigal et al 2004, 
Holinski et al 2011). ISMS has been used to restore standing 
(Lau et al 2007) and walking in anesthetized cats (Holinski 
et al 2013, 2016), as well as cats with a complete SCI (Saigal 
et  al 2004). In a recent study, ISMS produced nearly 1 km 
of over-ground, weight-bearing walking in anesthetized cats 
(Holinski et al 2016).

ISMS has also been used to produce reaching and grasping 
movements by implanting electrodes in the cervical enlarge-
ment in rats with a contusion SCI (Kasten et  al 2013, 
Sunshine et al 2013) as well as monkeys (Moritz et al 2007, 
Zimmermann et  al 2011, Zimmermann and Jackson 2014). 
Recently, ISMS in the cervical and high thoracic spinal cord 
has been shown to activate the diaphragm and intercostal mus-
cles in intact (Sunshine et al 2018) and hemisected (Mercier 
et  al 2017) rats. Taken together, studies in both the lumbar 
and cervical enlargements demonstrate that ISMS can activate 
muscles and muscle synergies to restore function in a fatigue-
resistant manner in models of complete and incomplete SCI.

A number of control strategies have been implemented for 
ISMS to restore walking (Dalrymple and Mushahwar 2016). 
To date, these control strategies focused on models with com-
plete SCI. Open loop stimulation patterns were initially devel-
oped to achieve alternation of swing and stance (Mushahwar 
et  al 2002) but lacked the ability to adapt the stepping to 
changes in terrain or fatigue. Conversely, a purely feedback-
driven approach utilizing sensor information to transition the 
limbs between swing and stance phases has been tested in cats 
(Guevremont et al 2007, Vogelstein et al 2008). Later studies 
combined feed-forward and feedback control to produce func-
tional walking. Specifically, feed-forward, intrinsically-timed 
transitions between states of the gait cycle were implemented. 
Feedback from external sensors (Guevremont et  al 2007, 
Mazurek et al 2012, Holinski et al 2016) or from recordings 
from the dorsal root ganglia (Holinski et al 2013) interrupted 
the intrinsic timing using pre-defined rules to improve over-
ground walking and ensure safe stepping. Other studies have 
explored the use of fuzzy logic or sliding mode control to pro-
duce single joint movements using ISMS (Asadi and Erfanian 
2012, Roshani and Erfanian 2013a, 2013b) or to trigger the 
onset of the flexion phase of the gait cycle (Saigal et al 2004).

Earlier work in the field of FES and locomotion has 
explored numerous machine learning algorithms to con-
trol various aspects of the step cycle. Supervised machine 
learning uses previously obtained data to train an algorithm, 
which develops a generalization between inputs and outputs. 
The accuracy of the generalization is then tested using new 
data, where the real outputs are compared to the outputs pre-
dicted by the algorithm. Often, machine learning algorithms 
were used to predict the subject’s intention to take a step and 
trigger stimulation of the flexor-withdrawal reflex to initiate 
the swing phase (Kirkwood et  al 1989, Kostov et  al 1992, 
Sepulveda et  al 1997, Tong and Granat 1999). These algo-
rithms were used to produce stepping in an open-loop manner 
(Graupe and Kordylewski 1995) and for triggering IF-THEN 
control rules (Popović 1993). Adapting the stimulation 
output to muscle fatigue has also been explored (Graupe and 
Kordylewski 1995, Abbas and Triolo 1997).

In this study, we developed control strategies to produce 
weight-bearing stepping using ISMS in a model of incomplete 
SCI. This presents the first application of supervised machine 
learning to control stimulation in the spinal cord. The con-
trol strategy used information from external sensors regarding 
the movements of the ‘unaffected’ hind-limb to control the 
‘affected’ hind-limb. Moreover, supervised machine learning 
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was employed to ensure weight-bearing at different step-
ping speeds. Specifically, multiple machine learning algo-
rithms were trained to predict the stepping speed using data 
from external sensors from previous ISMS experiments and 
tested in later ISMS experiments in the study. This resulted 
in a unique combination of supervised machine learning and 
FES, since the learned predictions were used to select a con-
trol strategy based on stepping speed, and within that strategy, 
the predicted value was used to control the stimulation output.

Methods

ISMS implant procedure and stimulation protocol

Six adult male cats (4.5–6.9 kg) were used in acute, non-
recovery experiments. All experimental procedures were 
approved by the University of Alberta Animal Care and Use 
Committee. The surgery and experiments were conducted 
under sodium pentobarbital anesthesia. A laminectomy was 
performed to remove the L4 to L6 vertebrae to expose the 
lumbosacral enlargement.

A custom-made electrode array comprised of 12 micro-
wires was implanted unilaterally throughout the lumbosacral 
enlargement. The wires were 50 µm in diameter, 80/20% Pt–
Ir, and insulated with 4 µm polyimide except for the tip, which 
had approximately 400 µm of exposure. The implant was 
performed according to established procedures (Mushahwar 
et al 2000, Saigal et al 2004, Bamford et al 2016, Holinski 
et  al 2016), targeting lamina IX in the ventral horn based 
on maps of motoneuronal pools (Vanderhorst and Holstege 
1997, Mushahwar and Horch 1998, 2000). In addition to the 
motoneuronal pools, this region contains neural networks that 
produce single joint and coordinated multi-joint synergistic 
movements of the leg when stimulated (Kiehn 2006, Bhumbra 
and Beato 2018). The stimuli comprised of asymmetric, 
biphasic, charge-balanced pulses 290 µs in duration delivered 
at a rate of 50 Hz. Stimulation was delivered using a current-
controlled stimulator and was controlled through a custom 
graphical user interface designed in MATLAB (MathWorks 
Inc., Natick, MA, USA). Stimulation amplitudes typically 
ranged from threshold (<20 µA) to levels that produced 
weight-bearing movements (60–80 µA). Stimulation ampl-
itudes did not exceed 110 µA through any electrode. Trains of 
stimuli were delivered in a trapezoidal waveform; the ramping 
occurred over three time-steps, with a time-step occurring 
every 40 ms. The movements achieved by stimulation through 
single electrodes were hip flexion, knee extension, ankle dor-
siflexion, ankle plantarflexion, and a backward extensor syn-
ergy. These movements were combined to construct a full 
stepping cycle. Of the twelve electrodes implanted, only six 
to eight were needed to generate the desired stepping move-
ments and included some redundancy in the functional targets.

Experimental setup

After implantation of the ISMS array, the cats were transferred 
to a custom-built split-belt treadmill (figure 1(a)). The cats 

were partially suspended in a sling and remained anesthetized 
for the duration of the experiment. The sling supported the 
head, forelimbs, and trunk, allowing the hind-limbs to move 
freely. Reflective motion-tracking markers were placed on the 
iliac crest, hip, knee, ankle, and metatarsophalangeal (MTP) 
joints of both hind-limbs. Bilateral kinematics were recorded 
using two cameras (120 fps, JVC Americas Corp., Wayne, 
NJ, USA), with the lens positioned parallel to the hind-limbs 
and 1.8 m away from the center of the treadmill. Marker 
positions were digitized using custom MATLAB software 
(MotionTracker2D) written by Dr Douglas Weber (University 
of Pittsburgh, Pittsburgh, PA, USA). Gyroscopes were placed 
on the tarsals of each hind-limb to measure angular velocity. 
Vertical ground reaction forces were measured for each 
hind-limb by force transducers mounted underneath each of 
the treadmill belts. The sensor signals were filtered using a 
second-order Butterworth filter (fC  =  3 Hz) and digitized at 
1 kHz using the Grapevine Neural Interface Processor (Ripple, 
Salt Lake City, UT, USA) and streamed into MATLAB.

Control strategy

The functional consequences of a hemisection SCI were sim-
ulated in the anesthetized cats by an experimenter manually 
moving one hind-limb through the stepping cycle (figure 1(a)). 
This injury model is similar to the Brown-Sequard syndrome 
in humans, where one limb is paralyzed and the other remains 
motor-intact (Bosch et al 1971, Hayes et al 2000, Gil-Agudo 
et al 2013). Three different experimenters took turns to move 
the limb through the gait cycle. Each experimenter moved the 
hind-limb over a moving treadmill belt and was given a target 
for downward force production. This limb represented the 
limb on the intact side of the spinal cord, and the experimenter 
simulated voluntary control of the limb. The other limb, ipsi-
lateral to the ISMS implant, moved only through ISMS and 
represented the limb that would be paralyzed by a hemisection 
SCI. This stimulation-controlled limb (SCL) moved over a sta-
tionary treadmill belt; therefore, all movements of that limb 
were entirely produced by the stimulation in the spinal cord.

The stepping cycle was divided into four states indicating 
flexion and extension movements: F, E1, E2, and E3 (Engberg 
and Lundberg 1969, Goslow et al 1973). These corresponded 
to toe-off to early swing, late swing to paw-touch, paw-touch 
to mid-stance, and mid-stance to propulsion, respectively 
(figure 1(b)). The goal of the controller was for the legs to step 
reciprocally; the state of the experimenter-moved limb (EML) 
was used to control the stimulation to the spinal cord such that 
the SCL was in the opposite state (figure 2(a)). The states of 
the gait cycle were discriminated using ground reaction force 
and angular velocity of the foot (figure 2(b)). Specifically, the 
ground reaction force was used to detect E2 (onset of loading 
to peak force production), E3 (peak force to unloading), and 
F (unloading of limb). Angular velocity measured by a gyro-
scope at the tarsals was used to detect the onset of E1 (peak 
angular velocity). By using only two sensors per limb, all 
four states of the stepping cycle were detected. However, the 
stimulation needed to be delivered prior to the onset of a state 
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to account for electromechanical delay between the stimula-
tion delivered to the spinal cord to the time that a forceful 
movement was produced, which was up to 200 ms across all 
cats. It was comprised of the filter delay (~16 ms), computa-
tional delay (40 ms), and the delay from the stimulation com-
mand to the production of a movement in the limb (~120 ms). 
A 200 ms neuromusculoskeletal delay to produce a move-
ment around the ankle joint using ISMS has been previously 
reported (Roshani and Erfanian 2013a). Therefore, states 
were anticipated using pre-defined thresholds for the force 
and angular velocity signals that were approximately 200 ms 
before the onset of a given state (figure 2(c)). The threshold-
based control rules for anticipating each state of the gait cycle 
are described in figure 2(d).

The previous state information was used to ensure that the 
anticipated state was the current or next state in the gait cycle, 
forcing a forward trajectory through the gait cycle. The direc-
tion of the slope for each signal was used in combination with 
the voltage value to define threshold. The thresholds were 
tuned and remained constant throughout all experiments.

An additional control rule was implemented to ensure 
weight-bearing as needed. Since E3 is proportionally a longer 
phase of the gait cycle compared to E1, when the EML was 
in E3 and the SCL in E1 the SCL would spend a proportion-
ally long time in E1. This caused the SCL to remain in the 
final position of E1, extended towards paw touch-down and 

partially loaded. This was followed by an increase in loading 
when the SCL transitioned into E2, but often the transition 
would result in a loss of overall weight-bearing. This was 
ameliorated by the swing-to-stance rule (Mazurek et al 2012): 
if the SCL was in E1 and the limb achieved partial weight-
bearing, then transition the SCL to E2. This improved overall 
weight-bearing. The pseudo-code for this rule was as follows:

IF force  >  threshold,
THEN transition from E1 to E2.

Speed adaptability

The speed of the treadmill belt was varied within a single step-
ping trial (treadmill belt speed: 0.09–0.42 m s−1). A stepping 
trial consisted of 10 to 24 steps. Although these are relatively 
slow speeds of stepping, they correspond to treadmill belt 
speeds at which cats with a complete spinal transection were 
able to step at in the early stages to full recovery (Bélanger 
et  al 1996). During the speed-varying stepping trials, it 
was noted that at faster speeds (defined by step period of 
EML  <  1.95 s), there was a loss of weight-bearing at the onset 
of loading for the SCL. This was due to the states themselves 
having a shorter duration than the electromechanical delay. 
Therefore, further adaptations needed to be made to the stimu-
lation output for the faster steps. A step-by-step feed-forward 

Figure 1. Experimental setup. (A) An experimenter moved one hind-limb through the gait cycle over the ipsilateral moving belt of a split-
belt treadmill. Sensor signals from force plates under the treadmill belt and a gyroscope on the tarsals were converted to digital signals and 
used by a custom algorithm to control the stimulation to the spinal cord such that the other limb was in the opposite state of the gait cycle 
over a stationary treadmill belt. (B) States of the gait cycle. (C) Sample data from the force plates (ground reaction force) and gyroscopes 
(angular velocity) from the EML (experimenter-moved limb).
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method was implemented to adapt the stimulation output for 
faster steps based on the step period. The step period of the 
EML, the measurable analogue of speed, was defined as the 
onset of limb loading to the onset of limb loading of the next 
step in the EML. Feed-forward refers to open-loop transitions 
between states of the step cycle in the SCL. The amount of 
time spent in each state was calculated from the predicted 
value of the step period for the EML using a variation of an 
equation derived from Kirtley et al (1985) (1). The time spent 
in stance was split evenly between E2 and E3 (stance phases), 
and the remaining time was split evenly between F and E1 
(swing phases).

Tstance = − 0.073 ×
Ä

60
StepPeriod

ä
+ 67. (1)

This allowed for a realistic adaptation of the amount of time 
spent in each state according to the step period. This process 
was repeated for each fast step. If the step period prediction 
indicated a slower step, then the state transitions were con-
trolled individually according to the state-anticipation method.

The feed-forward stimulation to control the SCL started 
in E1. This state was chosen since it is the state just prior to 
primary limb loading, E2, and the goal was to increase the 
number of weight-bearing steps at faster speeds. Therefore, 
the step period of the EML had to be predicted prior to the 
anticipation of E3 (opposite to E1 in the SCL) in order to cal-
culate the feed-forward times for the step.

Step period prediction

To adapt the stimulation output using the step-by-step feed-
forward control strategy for the faster steps only, the speed 
was indirectly predicted and measured using the step period 
of the EML. Supervised machine learning methods were used 
to predict the step period. A total of 1721 steps from the first 
two cats were used for the training data set. All training steps 
were from one experimenter moving the hind-limb. The fea-
tures used by the prediction algorithms were:

time spent in F; time spent in E1; time spent in E2; time 
spent in F and E1; time spent in E1 and E2; time spent in F and 
E2; time spent in F, E1, and E2; angular acceleration shortly 
after the onset of E1; angular acceleration shortly after the 
onset of E2; and the slope of force shortly after the onset of E2.

Using the data mining platform Weka 3.8.0 (Witten et al 
2016), 66 combinations of these features were tested using 
linear regression to narrow down the set. Many of the com-
binations produced identical or near identical correlation 
coefficients and mean absolute errors; therefore, the param-
eter combinations that were chosen for further testing were 
selected based on their reliability and ease of measurement. 
The final three parameter combinations were the (i) time spent 
in F, time spent in E1, time spent in E2, and slope of force as 
individual parameters; (ii) time spent in F, time spent in E1, 
time spent in E2 as individual parameters; and (iii) time spent 
in F, E1, and E2 as a single parameter. Using these combina-
tions, various supervised machine learning algorithms were 
tested using Weka to provide a numeric prediction of the step 
period.

Figure 2. Control strategy. EML  =  experimenter-moved limb; 
SCL  =  stimulation-controlled limb. (A) Transitions between states 
of the gait cycle for the SCL, opposite to the state of the gait cycle 
of the EML. Transitions between states for the SCL were done by 
ramping down stimulus amplitude through the channels for the 
previous state, and ramping up the amplitude for the current state, 
indicated by the trapezoids. (B) Time when states of the gait cycle 
occurred relative to the ground reaction force and angular velocity 
of the EML. F  =  early swing, E1  =  late swing to paw touch-down, 
E2  =  mid-stance, and E3  =  propulsion. (C) Anticipation of states 
to account for an electromechanical delay of 200 ms. Thresholds 
were used to define the voltage values to which the signals were 
compared. (D) Algorithm used to anticipate states of the gait cycle 
using thresholds from (C).
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The supervised machine learning algorithms tested 
included simple linear regression, multivariate linear regres-
sion, least mean squares linear regression, model tree, 
k-nearest neighbor, artificial neural network, and support 
vector machine. In total, 397 combinations of features and 
algorithm parameters were tested. Results from 10-fold cross-
validation were used to compare algorithms. Based on the 
mean absolute error and ease of implementation, simple linear 
regression, multivariate linear regression, and two different 
model trees were employed to predict the step period during 
stepping trials.

Simple (univariate) linear regression used the sum of the 
times spent in F, E1, and E2 as a single parameter to predict 
the step period. During training, the prediction was formed 
by linearly combining the features (in this case the sum of 
the state times) with weights, which were calculated from the 
training data, and minimizing the sum of squares of the differ-
ences between the predicted and actual values over all training 

instances (Witten et al 2016). The resulting relationship from 
training the univariate linear regression model to predict the 
step period was:

StepPeriod = 1.642 (TF + TE1 + TE2)− 0.0185. (2)

Multivariate linear regression used the times spent in F, 
E1, and E2 as individual parameters. The algorithm training 
procedure was identical to that described for simple linear 
regression. The resulting equation from the multivariate linear 
regression was:

StepPeriod = 1.314 × TF + 2.3647 × TE1 + 2.4025 × TE2 − 0.3605.
 (3)

Finally, two different model trees were implemented. A 
model tree is a combination of a decision tree and a linear 
model, where the linear relationship is the final leaf in the 
tree. The splitting criterion at each node was formed by 
testing each feature and determining the one that best maxi-
mized the expected reduction in error (Witten et al 2016). The 

Figure 3. Trained model trees for numeric prediction. (A) Univariate model tree used the time spent in F to make routing decisions leading 
to one of three linear models. Linear models 1–3 used only the time spent in F as a variable. (B) Multivariate model tree used the time spent 
in F to make a routing decision to one of two linear models. Each of the linear models utilized three state times (time spent in F, E1, and 
E2).

Figure 4. Outcome measures. EML  =  experimenter-moved limb; SCL  =  stimulation-controlled limb. (A) Force alternation and weight-
bearing. The force produced by the EML was scaled down to match the SCL. Each limb exceeded the target force of 12.5% of body-
weight, indicated by the horizontal dashed line. One step cycle of the EML was converted into the degrees of a circle (0°–360°), indicated 
by the black vertical lines with the degree markers. The midway point of loading is indicated by the dashed vertical lines and marked by 
TE½, TS½ for the EML and SCL, respectively. These time-points were converted to degrees, and the difference between them was the phase 
difference of the two hind-limbs (ideally  =  180°). (B) Limb angle alternation. The limb angle was measured as the angle between the 
vertical line from the hip and the segment between the hip and the MTP (metatarsophalangeal) joint, as demonstrated by the inset of the 
cat hind-limbs. Limb angle was negative when the foot was behind the hip, and positive when the foot was in front of the hip. Alternation 
of limb movements was measured by taking the time difference between when the foot of the EML was at the furthest point in front of the 
hip, and the foot of the SCL was furthest behind the limb (ΔT  =  TE  −  TS), normalized by the step period of the EML. (C) Step symmetry. 
The time spent in stance and swing for the EML and SCL were labelled as TSt_EML, TSw_EML, TSt_SCL, TSw_SCL, respectively. The stance 
symmetry was calculated by taking the ratio of the stance times, normalized by the step period of the EML; the swing symmetry used the 
ratio of the normalized swing times. Dashed trace: EML; solid trace: SCL.
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first model tree used only the time spent in F as a predictor to 
both make the routing decision (figure 3(a)) and in the linear 
models 1 to 3 (4–6). The second model tree used each of the 
time spent in F for the routing decision (figure 3(b)), and all 
three state times (time in F, E1, and E2) as individual param-
eters in linear models 4 and 5 (7–8). The linear models for 
each tree were:

Linear Model 1:

StepPeriod = 2.9401 × TF + 0.6944. (4)

Linear Model 2:

StepPeriod = 3.3862 × TF + 0.5214. (5)

Linear Model 3:

StepPeriod = 0.9397 × TF + 2.1271. (6)

Linear Model 4:

StepPeriod = 1.9605 × TF + 2.0345 × TE1 + 1.1872 × TE2 − 0.1384.
 (7)
Linear Model 5:

StepPeriod = 0.9547 × TF + 2.549 × TE1 + 2.6454 × TE2 − 0.158.
 (8)

Outcome measures

Since the primary goal was to achieve alternating, weight-
bearing stepping in the hind-limbs, several measures were 
developed to determine if the goal was met. All measures were 
calculated on a step-by-step basis.

Alternation was defined using two different measures. 
First, the ground reaction forces produced by each limb were 
used to verify if the limbs were 180° out of phase with each 
other. Specifically, the time each limb spent in loading was 
measured and converted into degrees of a circle, such that the 
onset of loading for the EML was equal to 0°, and the onset of 
loading of the EML for the next step was equal to 360° (figure 
4(a)). The half-way points of loading were calculated for each 
limb (TE1/2, TS1/2), converted to degrees, and the difference 
calculated. For perfect alternation, a phase difference of 180° 
would be seen between the forces from the limbs.

The second measure of alternation was determined based 
on limb angle obtained from motion-capture. The limb angle 
was the angle between the vertical axis at the hip and the seg-
ment between the hip and the MTP joint. The limb angle was 
positive when the endpoint (MTP joint) was in front of the 
hip, and negative when it was behind the hip (figure 4(b)). For 
each step, the point in time when the EML was at the largest 
positive limb angle (TE), and the time when the SCL was at the 
largest negative limb angle (TS) were determined. The time 
difference (ΔT  =  TE  −  TS) was normalized by dividing by the 
step period of the EML. During perfect alternation, these two 
times would be equal resulting in an alternation measure of 
zero.

Ideally, the time spent in swing and stance would be equal 
for the two hind-limbs in a single step cycle. The time spent in 
swing and stance for each limb was calculated and nor malized 
to the step period of the EML (figure 4(c)). The stance sym-
metry and swing symmetry were calculated by taking the ratio 

of the normalized times in stance (9) and swing (10), respec-
tively. A ratio of 1 for both measures would indicate that the 
both limbs spent the same amount of time in stance and swing.

Stance Symmetry =
TStEML
TStSCL

. (9)

Swing Symmetry =
TSwEML
TSwSCL

. (10)

To determine if the stepping was weight-bearing, the forces 
produced by each hind-limb were summated and compared 
to a threshold that defines body-weight support in the setup 
(12.5% of body weight for each limb (Lau et al 2007)) (figure 
4(a)). The force produced by the EML was scaled down by the 
maximal value of force achieved in a stepping trial to avoid 
possible bias from the experimenter. The force produced by 
the SCL was not scaled since it demonstrates the true output 
of the stimulation in the spinal cord.

The accuracy of the step period predictions by the super-
vised machine learning algorithms was determined by com-
paring the predicted step period with the actual, measured step 
period for each step. From these, the mean absolute error for 
each prediction method was calculated. Even though the step 
period was only used to adapt to the faster steps, the prediction 
accuracy was calculated for all speeds.

Experimental protocol

Trials were conducted with the EML moved through the gait 
cycle over a moving belt of a split-belt treadmill at a constant 
speed (treadmill belt speed: 0.17 to 0.2 m s−1). The belt on 
the side of the SCL remained off throughout the experimental 
protocol. To test the limits of the controller, and to be more 
realistic of a SCI rehabilitation scenario, trials were conducted 
where the speed of the treadmill belt on the EML side was 
varied within a single stepping trial (0.09 to 0.42 m s−1). 
The experimenter moving the EML adjusted their cadence to 
match the speed of the treadmill belt. The speed was limited 
by the abilities of the experimenters moving the EML. For 
the speed-varying trials, the experimenter was blinded to the 
type of step period prediction method (or lack thereof) tested. 
Stepping trials were between 30 and 60 s in duration.

The steps from the speed-varying trials were divided into 
two groups for analysis: slower (step period  ⩾1.95 s) and faster 
(step period  <  1.95 s) steps. The slower steps did not require 
adaptation and were all grouped together. This allowed the 
measures from the faster steps without adaptation to be com-
pared to the faster steps that used the step period prediction 
measures for the feed-forward adaptation.

Statistics

One-way analysis of variance (ANOVA) was used to test the 
difference between population means for each of the trial 
types for force alternation, limb angle alternation, stance and 
swing symmetry ratio, and step period prediction accuracy. 
Homogeneity of variance was tested using the Levene’s test, 
and normality was tested using the Kolmogorov-Smirnov sta-
tistic. Tamhane T2 corrected post-hoc tests were reported if the 
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Figure 5. Results for stepping at a single speed (n  =  852 steps). EML  =  experimenter-moved limb; SCL  =  stimulation-controlled limb. 
(A) Raw ground reaction forces. The force produced by the EML was scaled down to match the SCL. Each limb exceeded the target 
force of 12.5% of body-weight, indicated by the horizontal dashed line. Dashed trace: EML; solid trace: SCL. (B) Motion tracking of 
hind-limbs. (i) Stick figure of EML. (ii) Stick figure of SCL. (iii) Limb angle alternation. The movements produced by the experimenter 
were often larger than normal stepping and were scaled down for this figure. (C) Distribution of phase differences from force alternation. 
(D) Distribution of the normalized time differences obtained for the limb angle alternation. (E) Distribution of the stance symmetry ratio 
and swing symmetry ratio. (F) Phase difference of force alternation versus stance (circles) and swing (squares) symmetry. The diamonds 
indicate the medians for the phase difference and symmetry measures (upper  =  swing, lower  =  stance).
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Levene’s test was significant. A p-value  ⩽  0.05 was used to 
indicate significance. The Χ2 test was used to compare the suc-
cess of weight-bearing between trial types. Cross-tabulations 
were generated for all pair-wise combinations. Χ2 with con-
tinuity correction was reported for 2  ×  2 contingency tables, 
and the α-level was adjusted using the modified Bonferroni 
correction for multiple comparisons.

Results

A total of 6177 steps from 429 trials in six cats were recorded. 
Some steps were excluded from analysis if not all outcome 
measures could be calculated for a particular step, such as the 
first or final step in a trial (n  =  209). Therefore, 5968 steps 
were used to calculate all outcome measures.

Stepping at a constant speed with no speed adaptation

The EML was moved at a constant speed (treadmill belt speed: 
0.17 to 0.2 m s−1; step period of EML: 2.03  ±  0.28 s) for 852 
steps in 66 trials. The mean phase difference in forces between 
the EML and SCL in these steps was 177° (±5.6°), and the 
mean absolute deviation from 180° was 4.37° (±4.35°). This 
deviation from 180° was small, amounting to  <20 ms of 
shifting to the left or right. An example of the ground reaction 
forces produced by the hind-limbs is shown in figure 5(a), and 

a histogram of the alternating phase differences is shown in 
figure 5(c).

Raw data for limb angle alternation are shown in 
figure  5(b). The average time difference between when the 
EML was furthest in front of the hip and when the SCL was 
furthest behind the hip normalized to the step period for all 
steps was  −0.03  ±  0.06. The negative value indicates that 
the SCL reached its furthest extension before the EML was 
at its furthest point in front of the hip (SCL leads the EML). 
The normalized time difference for all steps had a large varia-
tion. Even though the average normalized time difference was 
negative, for 272 (33.5%) steps the difference was positive 
(figure 5(d)).

The stance and swing ratios for the steps in these trials 
were 0.99  ±  0.09 and 1.07  ±  0.15, respectively, indicating 
that the hind-limbs spent similar amounts of time in stance, 
but the EML on average spent more time in swing than the 
SCL. The swing ratio had a large variability compared to the 
stance ratio (figure 5(e)). Figure  5(f) demonstrates that the 
steps had median values for the alternation phase difference 
and symmetry ratios close to their ideal values, with the stance 
ratio being closer to 1 than the swing ratio.

All 852 steps were weight-bearing. This meant that there 
were no steps where the sum of the forces produced by the two 
hind-limbs was below the weight-bearing threshold (12.5% of 
body weight for each limb).

Figure 6. Outcome measures for all trial types. Steps with no feed-forward adaptations used only state-anticipation to control the SCL 
(stimulation-controlled limb). (A) The phase difference from the force alternation of the two hind-limbs (left y-axis) and the number 
of weight-bearing steps as a percent of the total steps in a trial (right y-axis). The horizontal dashed lines indicate the target for their 
corresponding outcome measure. The bars indicated by the supervised machine learning methods represent faster steps only. *p  <  0.05, 
phase difference; #p  ⩽  0.002, both measures; %p  <  0.04, weight-bearing, fast no adaptation versus others. (B) Stance and swing symmetry 
ratios for all trial types. *p  <  0.04, stance symmetry; #p  <  0.001, swing symmetry; %p  <  0.005, swing symmetry, fast no adaptation 
versus others.
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Figure 7. Examples of unloading. EML  =  experimenter-moved limb; SCL  =  stimulation-controlled limb. (A) Stimulation for F (early 
swing) started too early, prematurely lifting the SCL into swing. This occurred if the predicted step period was less than the actual 
step period of the EML, terminating E3 (propulsion) too soon in the SCL, or if during the anticipation of E2 (mid-stance), the timing 
of when the angular velocity signal crossed the threshold was too early. (B) Stimulation for E2 started too late, resulting in a phase 
difference  >180°. (C) Loading started but with an uneven profile, possibly due to friction over the stationary treadmill belt. (D) Slipping 
during the propulsion phase of the SCL. This occurred if the movement was strong enough to propel the cat, but the body was unable to 
move because it was held in the sling and the ipsilateral treadmill belt was stationary, resulting in a phase difference  <180°.

Table 1. Breakdown of occurrences of unloading by trial type and by cat. The causes of the loss of weight-bearing (WB) are listed on the 
left, along with the incidence, the duration, and extent of unloading.

Loss of weight-bearing

Occurrences by trial type By Cat

S-NA F-NA LR-uni LR-multi MT-uni MT-multi Steps: # %

Loading of SCL Cat 1 8 1.31
  Too late 2 28 1 0 0 0 Cat 2 27 2.91
  Slip, irregular 0 8 0 0 1 0 Cat 3 9 2.15
Unloading of SCL Cat 4 12 1.01
  Slipping 5 5 4 0 0 0 Cat 5 18 1.30
  Swing too early 7 3 0 2 8 1 Cat 6 1 0.07
Number of steps 14/ 44/ 5/ 2/ 9/ 1/
(loss WB/total) 1506 1845 618 673 372 399
Number of steps 0.93 2.38 0.81 0.53 2.42 0.25
(percent)
Duration (ms): 127.8 72.0 33.0 124.0 120.7 9.0
M (±SD) (75.1) (45.3) (21.4) (162.6) (47.8)
Loss of force 8.03 3.30 4.15 14.26 6.59 10.29
(%BW): M (±SD) (4.90) (2.56) (5.66) (8.82) (3.46)

SCL  =  stimulation-controlled limb; BW  =  body-weight; S-NA  =  slow-no adaptation; F-NA  =  fast-no adaptation; LR-Uni  =  linear regression-univariate; 
LR-Multi  =  linear regression-multivariate; MT-Uni  =  model tree-univariate; MT-Multi  =  model tree-multivariate.
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Stepping at varying speed with no speed adaptability

Stepping metrics produced by the basic control algorithm 
were also obtained for varying stepping speeds of the EML. 
In these trials, the speed of the treadmill belt on the EML side 
was initially set between 0.09 and 0.15 m s−1 and increased 
twice during the trials to values between 0.19 and 0.42 m s−1, 
with the EML moved at a matching speed.

In 363 trials, 1506 steps were at a slower speed (treadmill 
belt speed: approximately 0.09 to 0.25 m s−1; step period of 
EML: 2.70  ±  0.44 s) and 1845 steps were at a faster speed 
(treadmill belt speed: approximately 0.26 to 0.42 m s−1; 
step period of EML: 1.51  ±  0.25 s). On average, the phase 
for the slower steps had a significantly larger deviation from 
180° than the faster steps (slower: 19.9°  ±  11.9°; faster: 
5.24°  ±  5.83°; p  <  0.001). The slower steps had a phase dif-
ference of 161°  ±  12.9° which was significantly lower than 
that in the trials at the single speed (177°  ±  5.6°; p  <  0.001; 
figure 6(a)). This meant that the force produced by the SCL 
was shifted earlier compared to the center of the forces pro-
duced by the EML. This was due to the swing-to-stance rule, 
which triggered an early transition into E2 if the limb stayed 
in E1 long enough to reach its endpoint, partially loaded. The 
faster steps had a phase difference of 181°  ±  7.8°, which was 
significantly higher and closer to 180° than in the trials at a 
single speed (p  <  0.001; figure 6(a)).

The time difference of the limb angle alternation for the 
slower steps was  −0.016  ±  0.05, which is significantly 
closer to zero than steps at a single speed (p  <  0.001). The 
time difference for the faster steps were also closer to zero 
(−0.004  ±  0.07, p  <  0.001) than the steps at a single speed. 
For both speed ranges, the SCL reached its maximal back-
wards extension before the EML reached its maximal forward 
extension, the same as in the steps at a single speed.

Slower steps had a stance ratio of 1.02  ±  0.10, which was 
significantly higher than steps at a constant speed (stance 
ratio  =  0.99  ±  0.09; p  <  0.001; figure  6(b)) and steps at a 
faster speed (stance ratio  =  0.99  ±  0.07), although this differ-
ence is unlikely to be meaningful. Faster steps did not have 
a significantly different stance ratio than steps at a constant 
speed (p  =  0.97). However, the swing ratio for both slower 
steps (1.11  ±  0.20) and faster steps (1.13  ±  0.15) were both 
significantly higher than that at a constant speed (1.07  ±  0.15; 
p  <  0.001), indicating that at varying speeds the SCL spent 
less time in swing than at a constant speed.

Even though the faster steps had a phase difference closer 
to 180°, they were more likely to lose weight-bearing than 
slower steps (slower: 14/1506 steps, faster: 44/1845 steps, 
p  =  0.002). The reasons for the loss of ground reaction force 
produced by the SCL were investigated and summarized in 
four categories (figure 7): (i) the onset of force production 
was too late; (ii) the profile of the ground reaction force at 
loading was uneven; (iii) slipping during propulsion; and (iv) 
initiating the stimulation for swing too early. A breakdown of 
how often these occurred is presented in table 1.

For the slower steps, half of the instances of loss of weight-
bearing were due to initiating the stimulation for F too early 
(figure 7(a)). The stimulation for F occurs when E2 was antic-
ipated in the EML, which depended largely on the angular 
velocity of that limb (figure 2(c)). When the experimenter 
moving the EML caused a change in the slope of the angular 
velocity early in the swing phase, this caused the SCL to trans-
ition into early swing, leading to double-unloading. This led 
to a loss in force production (8.0  ±  4.9% BW loss) for a rela-
tively long time (128  ±  75 ms). The faster steps were more 
prone to insufficient force production at the onset of loading 
(figure 7(b)), which caused a large deviation from 180° in 
some instances by up to 45.9°. The insufficient force was at 
times due to abnormal, uneven force production (figure 7(c)), 
likely due to the paw of the SCL slipping over the stationary 
surface of the treadmill belt while pushing down. However, 
when the faster steps lost weight-bearing, it was often for a 
short duration (72  ±  45 ms), and for a lower amplitude rela-
tive to body weight (3.3%  ±  2.6% loss) than in the slower 
steps. Because in most of the faster steps with a loss of 
weight-bearing the loss was due to the timing of the states and 
the onset of loading, a step-by-step feed-forward method was 
implemented for the faster steps.

Stepping at varying speeds with speed adaptability

Since the faster steps had significantly more steps that were 
below the weight-bearing threshold compared to steps at 
single and slower speeds (p  =  0.002), the step-by-step feed-
forward adaptation was implemented. Table 2 denotes the cor-
relation coefficient and mean absolute error from training the 
linear regression and model tree algorithms. Using multiple 
features resulted in slightly higher performance than using a 
single feature for prediction during training.

A comparison of the predicted step period with the 
actual step period for each of the four methods is shown in 
 figures 8(a)–(d). The accuracy of prediction for all methods 
was higher for the smaller step periods (faster steps). The 
univariate linear regression and multivariate model tree 
methods had significantly lower prediction error than the mul-
tivariate linear regression and univariate model tree methods 
(p  <  0.001; figure  8(e)). On average, all four methods pre-
dicted a larger step period.

Examples of the ground reaction forces for the speed-
varying stepping trials with no adaptation and trials from 
each of the four prediction methods are displayed in figure 9. 
The relationship between the phase difference of the hind-
limbs and the number of weight-bearing steps for all trials is 

Table 2. Training of supervised machine learning algorithms to 
predict the step period. The features used to train the algorithms 
were combinations of the time spent in F (TF), time spent in E1 
(TE1), time spent in E2 (TE2). TF, E1, E2 is a single term comprised of 
the sum of the state times.

Training of supervised machine  
learning algorithms

Linear 
regression

Model 
treeFeatures Performance measure

TF, TE1, TE2 Correlation coefficient 0.901 0.911
(Multivariate) Mean absolute error 0.206 0.195
TF, E1, E2 Correlation coefficient 0.894 0.910
(Univariate) Mean absolute error 0.208 0.196
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demonstrated in figure 6(a). Of the four prediction methods, 
the multivariate model tree was the only one without a sig-
nificantly different phase difference (p  =  0.602) from the 
faster steps without adaptation. This is good since the faster 
steps without adaption had an average phase difference very 
close to 180° (181°  ±  7.8°). The justification for switching to 
speed-adaptive control was to increase the number of weight-
bearing steps, as many faster steps without adaptation had 
insufficient weight-bearing. However, maintaining alternation 
close to 180° is also important, and the multivariate model tree 
method achieved that.

The univariate linear regression had a similar limb angle 
alternation time difference as the faster steps without adap-
tation (−0.003  ±  0.103; p  =  1.00). The other three methods 
all had a significantly higher time difference than the faster 
steps without adaptation (p  <  0.001), with the EML moving 
forward now leading the SCL moving backward.

The stance ratio for both univariate and multivariate linear 
regression, as well as the univariate model tree were all 
significantly lower than the stance ratio for the faster steps 
without adaptation (stance ratio, faster  =  0.99  ±  0.07; uni-
variate and multivariate linear regression, univariate model 
tree  =  0.98  ±  0.06; p  <  0.04; figure  6(b)). The stance ratio 
for the multivariate model tree (0.99  ±  0.06) was not sig-
nificantly different from the stance ratio of the faster steps 
without adaptation (p  =  1.00), which is a positive outcome 
because both values were very close to the ideal value of 1. 
However, the swing ratio for all methods except the univariate 
model tree (univariate linear regression  =  1.10  ±  0.14; mul-
tivariate linear regression  =  1.07  ±  0.15; univariate model 
tree  =  1.13  ±  0.18; multivariate model tree  =  1.08  ±  0.13) 
was significantly lower than that for faster steps without 
adaptation (1.13  ±  0.15; p  <  0.005), bringing the swing ratio 
closer to 1. This improvement in the swing ratio means that 

Figure 8. Accuracy of step period prediction. Comparing the step period predicted by the trained machine learning algorithm to the 
actual step period of the EML (experimenter-moved limb). Circles represent the data points from the stepping trials; the line indicates 
prediction unity; and the diamonds indicate when unloading occurred. (A) Univariate linear regression model predicting the step period. 
(B) Multivariate linear regression. (C) Univariate model tree. (D) Multivariate linear regression. (E) Comparison of the accuracy of each 
prediction method. MAE: mean absolute error of the prediction accuracy for steps at all speeds. *p  ⩽  0.001.
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three of the four adaptation methods elongated the swing 
phase of the SCL to be proportionally closer to the duration 
of the swing phase of the EML. The multivariate model tree 
method was the best method to both maintain the stance ratio 
very close to 1 and bring the swing ratio closer to 1, followed 
by the multivariate linear regression.

The univariate model tree was the only prediction method that 
was unable to achieve a significantly higher number of weight-
bearing steps relative to no adaptation (p  =  1.00). In fact, it had 
the same percentage of steps that did not achieve weight-bearing 
as the no adaptation method (97.6%). Using feed-forward con-
trol for faster steps resulted in a total of 17/1765 steps with a 
loss of weight-bearing, with the majority (9/17) occurring when 
using the univariate model tree prediction method.

Incorrect step period prediction was the cause for loss in 
weight-bearing in nine of the 17 fast feed-forward steps, and 
was seen to some extent in all methods. In one of those instances, 
the predicted step period was much larger than the actual step 
period (error  =  26.6%, univariate linear regression), resulting 
in the stimulation for E1 lasting too long, and a delayed start 
to the stimulation for E2 (figure 7(b)). This resulted in a phase 
difference of 224°. When the predicted step period was lower 
than the actual step period, the E3 phase terminated too early, 
triggering an earlier transition into F, which caused unloading 
(figure 7(a)). This often resulted in a phase difference as low 
as 143° and was prevalent in steps using both model trees and 
the multivariate linear regression method. In seven of the 17 
instances of decreased weight-bearing the cause was slipping 
of the SCL at the end of the step (figure 7(d), univariate linear 
regression and model tree). This occurred because the setup 
with the cat suspended in a sling over a treadmill allowed only 
in-place stepping on the stationary belt for the SCL. These 
instances saw a reduction in the phase difference by up to 
137°. One of the 17 instances was due to an abnormal, uneven 
loading profile (figure 7(c), univariate model tree) and may be 
due to slipping during loading. The faster steps with insuffi-
cient weight-bearing caused by erroneous step period predic-
tions had error values from 11.0% to 26.6%. These were large 
prediction errors relative to the small step periods of the faster 
steps. If the predicted value of the step period for the faster 
steps was more than 200 ms from the actual step period, the 
result was incorrectly timed state transitions and unloading 
during feed-forward control. Table 1 also lists the instances of 
insufficient weight-bearing by individual cats. Cat 2 had the 
most instances, whereas cat 6 only had one instance. Two-
thirds of the instances from cat 2 were from faster steps with 
no adaptation, caused by a late transition into E2.

In summary, the multivariate model tree method outper-
formed the other three prediction methods tested. It resulted 
in significantly less loss of weight-bearing, a stance symmetry 
remaining close to the ideal value of 1, a swing symmetry 
closer to 1, and maintained alternation near 180°.

Discussion

The goal of this study was to produce, for the first time, bilat-
eral alternating, weight-bearing stepping of the hind-limbs 

in a model of incomplete SCI using ISMS. We developed 
control strategies to take advantage of residual function in 
a model of hemisection SCI to restore weight-bearing step-
ping in anesthetized cats over a split-belt treadmill. We also 
employed adaptive control strategies to ensure weight-bearing 
at different speeds of stepping. The speed of stepping was pre-
dicted based on generalizations obtained through supervised 
machine learning relating external sensor information to the 
step period. The predicted step period was then used to adapt 
the control strategy to step-by-step feed-forward control for 
fast steps. Through the adaptive control strategies, we were 
able to restore weight-bearing and maintain alternation and 
step symmetry in three of the four supervised machine learning 
numeric prediction methods. The best method according to 
alternation, weight-bearing, and step symmetry was a multi-
variate model tree algorithm.

Comparison to natural walking

During normal walking, the movements of the legs are con-
trolled by integrating input from various sources. The brain 
contributes initiation commands and coordinates complex 
walking tasks, such as avoiding expected obstacles and 
walking on difficult terrain (Marigold and Patla 2005, Cinelli 
and Patla 2008, Takakusaki et  al 2008). Brainstem regions, 
such as the mesencephalic locomotor region (MLR), generate 
excitatory drive to the spinal cord and affect the rate and pat-
tern of hind-limb movements (Orlovskiĭ et al 1966, Shik et al 
1966, Grillner and Shik 1973, Mori et al 1992, Ryczko and 
Dubuc 2013). The cerebellum makes anticipatory correc-
tions to the gait pattern if the limb movements differ from 
the intended movements (Morton and Bastian 2006). In the 
lumbar spinal cord, the central pattern generator (CPG) is a 
neural network that can produce alternating movements of 
the hind-limbs in the absence of phasic sensory afferent infor-
mation (Grillner and Wallen 1985, Guertin 2009). However, 
afferent feedback does play a critical role in controlling the 
transition from stance to swing (Grillner and Rossignol 1978, 
Duysens and Pearson 1980, Ekeberg and Pearson 2005) and 
reacting to perturbations (Forssberg 1979, Hiebert et al 1995).

The CPG has been shown to exist in invertebrates such as 
crayfish (Stein 1971) and leeches (Kristan and Weeks 1983) 
and vertebrates including lamprey (Wallén and Williams 
1984, Messina et al 2017) and cats (Brown 1911, Jankowska 
et al 1967, Pearson and Rossignol 1991). There is evidence 
that the CPG may also exist in humans (Calancie et al 1994, 
Bussel et  al 1996, Dimitrijevic et  al 1998, Minassian et  al 
2007). A prominent model of the CPG proposes that move-
ments are generated by a two-layer network for rhythm gen-
eration and pattern formation (McCrea and Rybak 2008); 
each limb has its own CPG that mutually inhibits the other. 
The rhythm generating network is responsible for alternation 
of flexion and extension; the pattern formation network is 
responsible for coordinating limb movements. Sensory affer-
ents from the limbs can modulate both the timing and pattern 
of the CPG to adjust walking. The CPG receives inputs from 
the brain, brainstem, and sensory afferents. Together, these 
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afferents, efferents, and intraspinal networks interact to pro-
duce walking (Guertin 2013).

After a spinal cord injury, the spinal cord no longer receives 
descending drive from the brain and brainstem. In chroni-
cally injured cats locomotor stepping on the moving belt of 
a treadmill can be restored by activation of the CPG through 
sensory afferents (Pearson and Rossignol 1991). Tonic excita-
tion of the lumbar spinal cord, such as with epidural stimula-
tion or transcutaneous spinal cord stimulation, can produce 
flexion-extension alternation of the legs in the supine position 
(Calancie et  al 1994, Dimitrijevic et  al 1998) or in combi-
nation with BWSTT (Dietz et  al 1994, Carhart et  al 2004, 
Harkema et al 2011, Angeli et al 2014, Hofstoetter et al 2015). 
Additionally, epidural stimulation in supine humans with 
complete SCI has produced other rhythmic motor patterns 
including synchronized and reciprocal activation of muscles 
(Danner et al 2015), suggesting a flexible organization of the 
pattern formation network.

The current control strategy anticipated the state of 
the EML and activated the SCL to be in an opposite state, 
resulting in a feedback-driven mutual inhibition of flexion and 
extension between the two limbs. All anticipations of state 

transition utilized limb loading information. Limb loading 
information provided by Golgi tendon organs is critical for 
biological walking as well, particularly for the transition from 
stance to swing. To initiate the swing phase, unloading of 
ankle extensor muscles must occur along with hip extension 
(Duysens and Pearson 1980, Ekeberg and Pearson 2005). A 
gyroscope, which provided angular velocity, and its slope (i.e. 
angular acceleration), does not have a direct biological equiv-
alent. However, similar information such as muscle length and 
velocity are measured by Ia and II muscle spindle afferents 
(Boyd 1980) and indicate hip extension through stretching of 
the hip muscles, assisting the aforementioned transition from 
stance to swing (Duysens and Pearson 1980, Ekeberg and 
Pearson 2005).

The change in control strategy from reactive to predictive 
feed-forward control is comparable to the role of the cere-
bellum in walking. Sensor information was used to predict the 
speed of walking as well as adjust the time spent in each state 
during feed-forward control. The cerebellum contributes to 
walking by recalibrating the gait pattern using predictions of 
the motor outcomes. It makes corrections to the output if there 
are discrepancies between the efferent copy from the motor 

Figure 9. Ground reaction forces at varying speeds. EML  =  experimenter-moved limb; SCL  =  stimulation-controlled limb. Raw ground 
reaction forces for the EML (dashed) and SCL (solid) for an entire trial transitioning from very slow to faster speeds. The faster steps 
(step period  <  1.95) are highlighted at the end of each trace. (A) No adaptation. (B) Adaptation with univariate linear regression numeric 
prediction of the step period for step-by-step feed-forward control strategy for faster steps. (C) Adaptation with multivariate linear 
regression. (D) Adaptation with univariate model tree. (E) Adaptation with multivariate model tree.
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cortex and the afferent input from the spinocerebellar tract 
(Shadmehr et al 2010, Takakusaki 2013, Pisotta and Molinari 
2014).

Comparison to other control strategies

Control strategies developed for ISMS to restore walking in 
a complete SCI model were CPG-inspired (Saigal et al 2004, 
Guevremont et al 2007, Vogelstein et al 2008, Mazurek et al 
2012, Holinski et  al 2013, 2016). More traditional control 
approaches have also been used to control ISMS. Fuzzy logic 
control to generate ankle movements aimed to track a desired 
trajectory (Roshani and Erfanian 2013a, 2013b). Trajectory 
tracking of knee and ankle movements was also performed 
using sliding mode control of ISMS (Asadi and Erfanian 
2012). However, trajectory tracking may prove difficult as 
each individual has different joint targets to match, along with 
numerous body-worn sensors for a feedback system to ensure 
accurate tracking.

Control strategies for peripheral FES often include the 
detection of the user’s intention to step, initiating an open-
loop control strategy. Walking can be produced by stimulating 
the peroneal nerve to trigger the flexor-withdrawal reflex 
(Kirkwood and Andrews 1989, Kostov et al 1992, Tong and 
Granat 1999) and the quadriceps muscles for knee extension 
(Bajd et al 1985, Andrews et al 1988, Chaplin 1996) through 
surface electrodes. It can also be produced by stimulating 
flexor and extensor muscles through implanted epimysial or 
intramuscular electrodes (Popović 1993, Kobetic et al 1999, 
Guiraud et al 2006, Hardin et al 2007, Dutta et al 2008). The 
initiation of movements can be triggered by a hand-switch 
(Guiraud et al 2006, Hardin et al 2007, Kobetic et al 1999) 
or triggered by the user’s intention to step as determined from 
EMG activity (Dutta et  al 2008) or ground reaction forces 
(Kostov et al 1992).

Using sensory information from an intact limb to control 
the movements of an affected limb was used in this study; it is 
similar to control strategies developed for restoring walking in 
stroke patients using an exoskeleton (Murray et al 2014). This 
may also be a viable approach to lower limb prosthetic control 
for people with amputations in the future.

Signals for control strategies of ISMS

Feedback of sensory information is necessary for control 
strategies to adapt to their surroundings. This study employed 
external sensors as feedback signals for the controller, as they 
are easy and reliable to use for proof-of-concept testing of con-
trol strategies. The gyroscopes were small devices place on the 
tarsals. The force plates were mounted underneath the tread-
mill belts, but there are commercially available force sensitive 
resistors that can be placed on the insoles of shoes and have 
been used as feedback sensors in other work (Kirkwood et al 
1989, Kostov et al 1992, Lovse et al 2012). Previous studies 
also used accelerometers in combination with gyroscopes to 
represent limb angle (Lovse et al 2012, Mazurek et al 2012, 
Holinski et al 2016). Conversely, neural recordings could also 

be used as feedback signals for control. Extracellular record-
ings from the dorsal root ganglia have been used as a feedback 
signal to control ISMS in a model of complete SCI (Holinski 
et al 2013); however, the reliability of the recordings degrade 
over times as the implants are encapsulated by glial tissue 
(Weber et al 2007).

Neural recordings could also be obtained from the pre-
motor or motor cortex and used as an input to ISMS. Using 
cortical recordings from the cortex to control ISMS enables 
communication between the brain and spinal cord, restoring 
voluntary control of paralyzed muscles (Mushahwar et  al 
2006, Shahdoost et al 2014). Cortical recordings have been 
used to control cervical ISMS in monkeys to control grasping 
(Zimmermann and Jackson 2014). They have also been used 
to control flexor and extensor activations in the hind-limb 
during treadmill stepping with epidural stimulation in mon-
keys (Capogrosso et al 2016), and control prosthetic arms in 
humans (Fetz 1999, Collinger et al 2013, Wang et al 2013, 
Hotson et  al 2016). EEG (electroencephalography) signals 
have been used to control movements of an upper-limb pros-
thesis (Müller-Putz et  al 2010, Bright et  al 2016) and an 
upper-limb exoskeleton (Sullivan et al 2017).

For restoring walking after an incomplete SCI electromyo-
graphy (EMG) activity may be a useful control signal as it can 
be used to detect the intentions of the user to step, and also 
informs the controller about residual muscle activity. EMG 
has been used to control implanted intramuscular stimulation 
systems for walking (Dutta et al 2008) as well as to control 
the rate of stimulation in the spinal cord during cervical ISMS 
to control grasp (Zimmermann and Jackson 2014). Adaptive 
control of walking would likely require a variety of sensor 
signals to indicate intention, limb position, force production, 
muscle activity, and the presence of obstacles, just as the brain 
and spinal cord receive input and feedback from a variety of 
sensory streams.

ISMS and incomplete SCI

For restoring walking after a complete SCI, all limb move-
ments were produced by electrical stimulation. After an 
incomplete SCI, some descending voluntary control remains, 
and varies depending on the severity and level of the injury. 
The best approach for a neural prosthesis after an incomplete 
SCI is to augment the remaining function by providing stim-
ulation only to compensate for the deficits from the injury. 
Residual voluntary activity must therefore be measured and 
used as input to the controller. In the current study, residual 
voluntary function was simulated by an experimenter manu-
ally moving one hind-limb. To control the affected limb, infor-
mation regarding the movements of the unaffected limb were 
utilized.

After an incomplete SCI, it is possible to achieve func-
tional improvements with training and exercise (Barbeau and 
Rossignol 1987, Field-Fote 2001, Thrasher et  al 2006), or 
through the activation of spinal networks using electrical stim-
ulation (Barolat et al 1986, Carhart et al 2004, Angeli et al 
2014, Mondello et al 2014, Capogrosso et al 2016). A recent 
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study in non-human primates with a unilateral corticospinal 
tract lesion, similar to the hemisection model described here, 
demonstrated that treadmill and over-ground walking could 
be restored in as early as 6 d post-injury using epidural stimu-
lation (Capogrosso et al 2016). More longitudinal stimulation 
with rehabilitation in a staggered hemisection model showed 
extensive intraspinal remodeling and restoration of over-
ground walking in the presence of the stimulation (van den 
Brand et al 2012).

Chronic ISMS may amplify spinal cord plasticity through 
at least three mechanisms: (1) stimulation in the ventral horn 
could strengthen nearby locomotor networks, specifically, 
interneurons that synapse on motoneuronal pools, (2) limb 
movements could strengthen sensory afferents to the spinal 
cord, and reinforce motor networks through natural feed-
back mechanisms, and (3) descending connections could be 
strengthened by volitional control during walking (Mondello 
et  al 2014). Cervical ISMS after a contusion SCI showed 
improved forelimb function that lasted beyond the stimula-
tion trial, suggesting it may be a viable method for enhancing 
spinal plasticity (Kasten et al 2013).

Experimental limitations

A limitation of the experimental setup is that it required an 
experimenter to move one hind-limb (EML) through the gait 
cycle. Nonetheless, this study demonstrated a proof-of-con-
cept testing of the controller. Furthermore, the speeds of the 
treadmill used in the experiments (0.09 to 0.42 m s−1) rep-
resent relatively slow speeds and corresponded to treadmill 
belt speeds at which cats with a complete SCI were able to 
step at in the early to late stages of recovery on a treadmill 
(Bélanger et al 1996). Interestingly, by adapting to different 
walking speeds, the controller was indifferent to which exper-
imenter moved the limb through the gait cycle, even though 
the supervised machine learning algorithms used to predict 
step period were trained using data from only one of the three 
experimenters. This suggests that the algorithms sufficiently 
generalized to the training data.

Since the cat was suspended in a sling over the split-belt 
treadmill, it was unable to propel itself forward and displace its 
position, resulting in in-place stepping as opposed to walking. 
During the propulsive phase (E3), the cat was physically pre-
vented from moving forward. This created a large resistance 
between the stationary treadmill belt and the paw of the SCL 
during E3. To avoid kicking movements as the SCL overcame 
static friction, stimulation amplitudes through the channels 
comprising E3 were decreased, but were still high enough to 
lift the cat out of the sling. This led to a decreased range of 
motion during extension of the SCL. Full weight-bearing and 
range of motion of the SCL was achieved by turning the tread-
mill belt on. These trials were not included in the analysis 
since we wanted to ensure all movements were due to ISMS 
and not external forces. Future experiments will be performed 
on a walkway such that the cat is able to displace its position 
(Guevremont et al 2007, Mazurek et al 2012, Holinski et al 
2013, 2016).

With the experimental setup, it was difficult to conclude 
if the instances of decreased weight-bearing would be detri-
mental to walking since the cat’s body was supported by the 
sling, especially those instances of short duration and small 
amounts of decreased weight-bearing. Realistically, if a person 
were to have an ISMS implant, they would require a walking-
aid such as crutches or a walker to help with balance and 
trunk control. Small amounts of insufficient weight-bearing 
could be alleviated through partial upper-body support on the 
walking-aid. However, other studies using peripheral FES 
to restore walking with assistance from a walking-aid have 
reported rapid fatigue of the arms and a large sense of effort 
if the legs were not producing stable and sufficient forces 
(Kobetic et al 1999, Triolo et al 2012). Relying on the arms 
for partial weight-bearing prohibits the users from reaching 
for objects while standing. Therefore, we aim for reliable 
and continuous body-weight support using ISMS. ISMS is 
more resistant to muscle fatigue (Bamford et  al 2005, Lau 
et al 2007), and weight-bearing can be achieved for very long 
durations and distances compared to peripheral FES systems 
(Holinski et al 2016).

The feed-forward steps that had instances of insufficient 
weight-bearing were largely affected by incorrect predic-
tions of the step period. Generally, the accuracy of the step 
period prediction increased as speed increased. Most often the 
unloaded steps resulted from the predicted step period being 
too small, which resulted in early unloading. Although the 
ability of the controller to detect the states of the gait cycle 
was unaffected by which experimenter was moving the EML, 
subtle timing differences of when the states were detected 
occurred. State anticipation thresholds were held constant 
throughout all trials; therefore, even the step-by-step feed-
forward control strategy was prone to errors stemming from 
variation in stepping patterns, since it used the state times to 
predict the step period. Adaptive thresholds for the state detec-
tions may provide further accuracy of step period predictions 
and increase the number of weight-bearing steps.

Future considerations

Expanding the application of ISMS to bilateral contusion 
SCIs, which leaves varying levels of residual voluntary drive, 
necessitates a control strategy that can adapt to the variability 
of deficits seen from these injuries. One approach could be to 
use machine learning to predict the state changes and learn 
the predictions over many steps. Since the predictions would 
be continuously learned and updated, the controller would 
be adaptable during walking. This may perform better than 
using rigid thresholds since walking patterns vary within 
and between people. Pavlovian control (Joseph et  al 2014, 
Modayil and Sutton 2014) may be a viable option for adapt-
able and safe control of walking. Pavlovian control could use 
reinforcement learning to learn predictions about the gait 
cycle, and use those predictions to elicit a fixed stimulation 
response to produce consistent walking. EMG activity may be 
a useful input for Pavlovian control of ISMS as it can indicate 
movement intentions and residual muscle function.

J. Neural Eng. 15 (2018) 056023



A N Dalrymple et al

17

Acknowledgments

The authors would like to thank Amirali Toossi for valuable 
input in the early design stages of the control strategies. We 
are also very grateful for Rod Gramlich’s contributions in 
building much of the equipment used in these experiments, 
including the split-belt treadmill. This work was funded by 
the Canadian Institutes of Health Research and the Alberta 
Innovates—Health Solutions Interdisciplinary Team in Smart 
Neural Prostheses. AND was supported by a Queen Elizabeth 
II Graduate Student Scholarship and VKM was an Alberta 
Heritage Foundation for Medical Research Senior Scholar.

ORCID iDs

Ashley N Dalrymple  https://orcid.org/0000-0001-8566-7178
Vivian K Mushahwar  https://orcid.org/0000-0001-9873-  
611X

References

Abbas J J and Triolo R J 1997 Experimental evaluation of 
an adaptive feedforward controller for use in functional 
neuromuscular stimulation systems IEEE Trans. Rehabil. Eng. 
5 12–22

Anderson K D 2004 Targeting recovery: priorities of the spinal 
cord-injured population J. Neurotrauma 21 1371–83

Andrews B J, Baxendale R H, Barnett R, Phillips G F, Yamazaki T, 
Paul J P and Freeman P A 1988 Hybrid FES orthosis 
incorporating closed loop control and sensory feedback J. 
Biomed. Eng. 10 189–95

Angeli C A, Edgerton V R, Gerasimenko Y P and Harkema S J 
2014 Altering spinal cord excitability enables voluntary 
movements after chronic complete paralysis in humans Brain 
J. Neurol. 137 1394–409

Asadi A-R and Erfanian A 2012 Adaptive neuro-fuzzy sliding 
mode control of multi-joint movement using intraspinal 
microstimulation IEEE Trans. Neural Syst. Rehabil. Eng. 
20 499–509

Bajd T, Andrews B J, Kralj A and Katakis J 1985 Restoration of 
walking in patients with incomplete spinal cord injuries by use 
of surface electrical stimulation—preliminary results Prosthet. 
Orthot. Int. 9 109–11

Bamford J A, Putman C T and Mushahwar V K 2005 Intraspinal 
microstimulation preferentially recruits fatigue-resistant 
muscle fibres and generates gradual force in rat J. Physiol. 
569 873–84

Bamford J, Lebel R, Parseyan K and Mushahwar V 2016 The 
fabrication, implantation and stability of intraspinal microwire 
arrays in the spinal cord of cat and rat IEEE Trans. Neural Syst. 
Rehabil. Eng. 25 287–96

Barbeau H and Rossignol S 1987 Recovery of locomotion after 
chronic spinalization in the adult cat Brain Res. 412 84–95

Barolat G, Myklebust J B and Wenninger W 1986 Enhancement of 
voluntary motor function following spinal cord stimulation—
case study Appl. Neurophysiol. 49 307–14 (PMID:3499118) 

Bélanger M, Drew T, Provencher J and Rossignol S 1996 A 
comparison of treadmill locomotion in adult cats before and 
after spinal transection J. Neurophysiol. 76 471–91

Bhumbra G S and Beato M 2018 Recurrent excitation between 
motoneurones propagates across segments and is purely 
glutamatergic PLoS Biol. 16 e2003586

Bosch A, Stauffer E S and Nickel V L 1971 Incomplete traumatic 
quadriplegia: a ten-year review JAMA 216 473–8

Boyd I A 1980 The isolated mammalian muscle spindle Trends 
Neurosci. 3 258–65

Bright D, Nair A, Salvekar D and Bhisikar S 2016 EEG-based brain 
controlled prosthetic arm 2016 Conf. on Advances in Signal 
Processing (CASP) pp 479–83

Brown T G 1911 The intrinsic factors in the act of progression in 
the mammal Proc. R. Soc. B 84 308–19

Brown-Triolo D L, Roach M J, Nelson K and Triolo R J 2002 
Consumer perspectives on mobility: implications for 
neuroprosthesis design J. Rehabil. Res. Dev. 39 659–69 
(PMID:17943668) 

Bussel B, Roby-Brami A, Néris O R and Yakovleff A 
1996 Evidence for a spinal stepping generator in man. 
Electrophysiological study Acta Neurobiol. Exp. 56 465–8 
(PMID:8835032) 

Calancie B, Needham-Shropshire B, Jacobs P, Willer K, Zych G and 
Green B A 1994 Involuntary stepping after chronic spinal cord 
injury. Evidence for a central rhythm generator for locomotion 
in man Brain J. Neurol. 117 1143–59

Capogrosso M et al 2016 A brain-spine interface alleviating gait 
deficits after spinal cord injury in primates Nature 539 284–8

Carhart M R, He J, Herman R, D’Luzansky S and Willis W T 
2004 Epidural spinal-cord stimulation facilitates recovery of 
functional walking following incomplete spinal-cord injury 
IEEE Trans. Neural Syst. Rehabil. Eng. 12 32–42

Chaplin E 1996 Functional neuromuscular stimulation for mobility 
in people with spinal cord injuries. The parastep I system 
J. Spinal Cord Med. 19 99–105 (PMID:8732878) 

Cinelli M E and Patla A E 2008 Locomotor avoidance behaviours 
during a visually guided task involving an approaching object 
Gait Posture 28 596–601

Collinger J L, Foldes S, Bruns T M, Wodlinger B, Gaunt R and 
Weber D J 2013 Neuroprosthetic technology for individuals 
with spinal cord injury J. Spinal Cord Med. 36 258–72

Courtine G et al 2009 Transformation of nonfunctional spinal 
circuits into functional states after the loss of brain input Nat. 
Neurosci. 12 1333–42

Dalrymple A N and Mushahwar V K 2016 Stimulation of the 
spinal cord for the control of walking Neuroprosthetics, Series 
on Bioengineering and Biomedical Engineering (Singapore: 
World Scientific) pp 811–49

Danner S M, Hofstoetter U S, Freundl B, Binder H, Mayr W, 
Rattay F and Minassian K 2015 Human spinal locomotor 
control is based on flexibly organized burst generators Brain J. 
Neurol. 138 577–88

Davies S J, Fitch M T, Memberg S P, Hall A K, Raisman G and 
Silver J 1997 Regeneration of adult axons in white matter tracts 
of the central nervous system Nature 390 680–3

Dietz V, Colombo G and Jensen L 1994 Locomotor activity in 
spinal man Lancet Lond. Engl. 344 1260–3

Dimitrijevic M R, Gerasimenko Y and Pinter M M 1998 Evidence 
for a spinal central pattern generator in humansa Ann. New York 
Acad. Sci. 860 360–76

Dutta A, Kobetic R and Triolo R J 2008 Ambulation after 
incomplete spinal cord injury with EMG-triggered functional 
electrical stimulation IEEE Trans. Biomed. Eng. 55 791–4

Duysens J and Pearson K G 1980 Inhibition of flexor burst 
generation by loading ankle extensor muscles in walking cats 
Brain Res. 187 321–32

Ekeberg O and Pearson K 2005 Computer simulation of stepping 
in the hind legs of the cat: an examination of mechanisms 
regulating the stance-to-swing transition J. Neurophysiol. 
94 4256–68

Engberg I and Lundberg A 1969 An electromyographic analysis of 
muscular activity in the hindlimb of the cat during unrestrained 
locomotion Acta Physiol. Scand. 75 614–30

J. Neural Eng. 15 (2018) 056023

https://orcid.org/0000-0001-8566-7178
https://orcid.org/0000-0001-8566-7178
https://orcid.org/0000-0001-9873-611X
https://orcid.org/0000-0001-9873-611X
https://orcid.org/0000-0001-9873-611X
https://doi.org/10.1109/86.559345
https://doi.org/10.1109/86.559345
https://doi.org/10.1109/86.559345
https://doi.org/10.1089/neu.2004.21.1371
https://doi.org/10.1089/neu.2004.21.1371
https://doi.org/10.1089/neu.2004.21.1371
https://doi.org/10.1016/0141-5425(88)90099-4
https://doi.org/10.1016/0141-5425(88)90099-4
https://doi.org/10.1016/0141-5425(88)90099-4
https://doi.org/10.1093/brain/awu038
https://doi.org/10.1093/brain/awu038
https://doi.org/10.1093/brain/awu038
https://doi.org/10.1109/TNSRE.2012.2197828
https://doi.org/10.1109/TNSRE.2012.2197828
https://doi.org/10.1109/TNSRE.2012.2197828
https://doi.org/10.3109/03093648509164716
https://doi.org/10.3109/03093648509164716
https://doi.org/10.3109/03093648509164716
https://doi.org/10.1113/jphysiol.2005.094516
https://doi.org/10.1113/jphysiol.2005.094516
https://doi.org/10.1113/jphysiol.2005.094516
https://doi.org/10.1109/TNSRE.2016.2555959
https://doi.org/10.1109/TNSRE.2016.2555959
https://doi.org/10.1109/TNSRE.2016.2555959
https://doi.org/10.1016/0006-8993(87)91442-9
https://doi.org/10.1016/0006-8993(87)91442-9
https://doi.org/10.1016/0006-8993(87)91442-9
https://www.ncbi.nlm.nih.gov/pubmed/3499118
https://doi.org/10.1152/jn.1996.76.1.471
https://doi.org/10.1152/jn.1996.76.1.471
https://doi.org/10.1152/jn.1996.76.1.471
https://doi.org/10.1371/journal.pbio.2003586
https://doi.org/10.1371/journal.pbio.2003586
https://doi.org/10.1001/jama.1971.03180290049006
https://doi.org/10.1001/jama.1971.03180290049006
https://doi.org/10.1001/jama.1971.03180290049006
https://doi.org/10.1016/0166-2236(80)90096-X
https://doi.org/10.1016/0166-2236(80)90096-X
https://doi.org/10.1016/0166-2236(80)90096-X
https://doi.org/10.1109/CASP.2016.7746219
https://doi.org/10.1109/CASP.2016.7746219
https://doi.org/10.1098/rspb.1911.0077
https://doi.org/10.1098/rspb.1911.0077
https://doi.org/10.1098/rspb.1911.0077
https://www.ncbi.nlm.nih.gov/pubmed/17943668
https://europepmc.org/abstract/med/8835032
https://doi.org/10.1093/brain/117.5.1143
https://doi.org/10.1093/brain/117.5.1143
https://doi.org/10.1093/brain/117.5.1143
https://doi.org/10.1038/nature20118
https://doi.org/10.1038/nature20118
https://doi.org/10.1038/nature20118
https://doi.org/10.1109/TNSRE.2003.822763
https://doi.org/10.1109/TNSRE.2003.822763
https://doi.org/10.1109/TNSRE.2003.822763
https://www.ncbi.nlm.nih.gov/pubmed/8732878
https://doi.org/10.1016/j.gaitpost.2008.04.006
https://doi.org/10.1016/j.gaitpost.2008.04.006
https://doi.org/10.1016/j.gaitpost.2008.04.006
https://doi.org/10.1179/2045772313Y.0000000128
https://doi.org/10.1179/2045772313Y.0000000128
https://doi.org/10.1179/2045772313Y.0000000128
https://doi.org/10.1038/nn.2401
https://doi.org/10.1038/nn.2401
https://doi.org/10.1038/nn.2401
https://doi.org/10.1142/9789813207158_0025
https://doi.org/10.1142/9789813207158_0025
https://doi.org/10.1093/brain/awu372
https://doi.org/10.1093/brain/awu372
https://doi.org/10.1093/brain/awu372
https://doi.org/10.1038/37776
https://doi.org/10.1038/37776
https://doi.org/10.1038/37776
https://doi.org/10.1016/S0140-6736(94)90751-X
https://doi.org/10.1016/S0140-6736(94)90751-X
https://doi.org/10.1016/S0140-6736(94)90751-X
https://doi.org/10.1111/j.1749-6632.1998.tb09062.x
https://doi.org/10.1111/j.1749-6632.1998.tb09062.x
https://doi.org/10.1111/j.1749-6632.1998.tb09062.x
https://doi.org/10.1109/TBME.2007.902225
https://doi.org/10.1109/TBME.2007.902225
https://doi.org/10.1109/TBME.2007.902225
https://doi.org/10.1016/0006-8993(80)90206-1
https://doi.org/10.1016/0006-8993(80)90206-1
https://doi.org/10.1016/0006-8993(80)90206-1
https://doi.org/10.1152/jn.00065.2005
https://doi.org/10.1152/jn.00065.2005
https://doi.org/10.1152/jn.00065.2005
https://doi.org/10.1111/j.1748-1716.1969.tb04415.x
https://doi.org/10.1111/j.1748-1716.1969.tb04415.x
https://doi.org/10.1111/j.1748-1716.1969.tb04415.x


A N Dalrymple et al

18

Fetz E E 1999 Real-time control of a robotic arm by neuronal 
ensembles Nat. Neurosci. 2 583–4

Field-Fote E C 2001 Combined use of body weight support, 
functional electric stimulation, and treadmill training to 
improve walking ability in individuals with chronic incomplete 
spinal cord injury Arch. Phys. Med. Rehabil. 82 818–24

Forssberg H 1979 Stumbling corrective reaction: a phase-dependent 
compensatory reaction during locomotion J. Neurophysiol. 
42 936–53

Gil-Agudo A, Pérez-Nombela S, Pérez-Rizo E, del Ama-
Espinosa A, Crespo-Ruiz B and Pons J L 2013 Comparative 
biomechanical analysis of gait in patients with central cord and 
Brown-Séquard syndrome Disabil. Rehabil. 35 1869–76

Goslow G E, Reinking R M and Stuart D G 1973 The cat step cycle: 
hind limb joint angles and muscle lengths during unrestrained 
locomotion J. Morphol. 141 1–41

Graupe D and Kordylewski H 1995 Artificial neural network control 
of FES in paraplegics for patient responsive ambulation IEEE 
Trans. Biomed. Eng. 42 699–707

Grillner S and Rossignol S 1978 On the initiation of the swing 
phase of locomotion in chronic spinal cats Brain Res. 
146 269–77

Grillner S and Shik M L 1973 On the descending control of the 
lumbosacral spinal cord from the ‘mesencephalic locomotor 
region’ Acta Physiol. Scand. 87 320–33

Grillner S and Wallen P 1985 Central pattern generators for 
locomotion, with special reference to vertebrates Annu. Rev. 
Neurosci. 8 233–61

Guertin P A 2009 The mammalian central pattern generator for 
locomotion Brain Res. Rev. 62 45–56

Guertin P A 2013 Central pattern generator for locomotion: 
anatomical, physiological, and pathophysiological 
considerations Front. Neurol. 3 183  

Guevremont L, Norton J A and Mushahwar V K 2007 
Physiologically based controller for generating overground 
locomotion using functional electrical stimulation J. 
Neurophysiol. 97 2499–510

Guiraud D, Stieglitz T, Koch K P, Divoux J-L and Rabischong P 
2006 An implantable neuroprosthesis for standing and walking 
in paraplegia: 5 year patient follow-up J. Neural Eng. 3 268–75

Hardin E, Kobetic R, Murray L, Corado-Ahmed M, Pinault G, 
Sakai J, Bailey S N, Ho C and Triolo R J 2007 Walking after 
incomplete spinal cord injury using an implanted FES system: 
a case report J. Rehabil. Res. Dev. 44 333–46

Harkema S et al 2011 Effect of epidural stimulation of the 
lumbosacral spinal cord on voluntary movement, standing, and 
assisted stepping after motor complete paraplegia: a case study 
Lancet 377 1938–47

Hayes K C, Hsieh J T, Wolfe D L, Potter P J and Delaney G A 
2000 Classifying incomplete spinal cord injury syndromes: 
algorithms based on the international standards for 
neurological and functional classification of spinal cord injury 
patients Arch. Phys. Med. Rehabil. 81 644–52

Hiebert G W, Whelan P J, Prochazka A and Pearson K G 1995 
Suppression of the corrective response to loss of ground 
support by stimulation of extensor group I afferents J. 
Neurophysiol. 73 416–20

Hofstoetter U S, Krenn M, Danner S M, Hofer C, Kern H, 
McKay W B, Mayr W and Minassian K 2015 Augmentation 
of voluntary locomotor activity by transcutaneous spinal cord 
stimulation in motor-incomplete spinal cord-injured individuals 
Artif. Organs 39 E176–86

Holinski B J, Everaert D G, Mushahwar V K and Stein R B 2013 
Real-time control of walking using recordings from dorsal root 
ganglia J. Neural Eng. 10 056008

Holinski B J, Mazurek K A, Everaert D G, Stein R B and 
Mushahwar V K 2011 Restoring stepping after spinal cord 
injury using intraspinal microstimulation and novel control 

strategies Conf. Proc. Annual Int. Conf. IEEE Eng. Med. Biol. 
Soc. 2011 pp 5798–801

Holinski B J, Mazurek K A, Everaert D G, Toossi A, Lucas-
Osma A M, Troyk P, Etienne-Cummings R, Stein R B and 
Mushahwar V K 2016 Intraspinal microstimulation produces 
over-ground walking in anesthetized cats J. Neural Eng. 
13 056016

Hotson G et al 2016 Individual finger control of a modular 
prosthetic limb using high-density electrocorticography in a 
human subject J. Neural Eng. 13 026017

Hulsebosch C E, Hains B C, Waldrep K and Young W 2000 
Bridging the gap: from discovery to clinical trials in spinal cord 
injury J. Neurotrauma 17 1117–28

Inanici F, Samejima S, Gad P, Edgerton V R, Hofstetter C P and 
Moritz C T 2018 Transcutaneous electrical spinal stimulation 
promotes long-term recovery of upper extremity function in 
chronic tetraplegia IEEE Trans. Neural Syst. Rehabil. Eng. 
26 1272–8

Jankowska E, Jukes M G, Lund S and Lundberg A 1967 The 
effect of DOPA on the spinal cord. 6. Half-centre organization 
of interneurones transmitting effects from the flexor reflex 
afferents Acta Physiol. Scand. 70 389–402

Joseph M, Adam W and Richard S S 2014 Multi-timescale nexting 
in a reinforcement learning robot Adapt. Behav. 22 146–60

Kasten M R, Sunshine M D, Secrist E S, Horner P J and Moritz C T 
2013 Therapeutic intraspinal microstimulation improves 
forelimb function after cervical contusion injury J. Neural Eng. 
10 044001

Kiehn O 2006 Locomotor circuits in the mammalian spinal cord 
Annu. Rev. Neurosci. 29 279–306

Kim Y-H, Ha K-Y and Kim S-I 2017 Spinal cord injury and related 
clinical trials Clin. Orthop. Surg. 9 1–9

Kirkwood C A and Andrews B J 1989 Finite state control of FES 
systems: application of AI inductive learning techniques 
Images of the Twenty-First Century. Proc. Annu. Int. Eng. Med. 
Biol. Soc. vol 3 pp 1020–1

Kirkwood C A, Andrews B J and Mowforth P 1989 Automatic 
detection of gait events: a case study using inductive learning 
techniques J. Biomed. Eng. 11 511–6

Kirtley C, Whittle M W and Jefferson R J 1985 Influence of 
walking speed on gait parameters J. Biomed. Eng. 7 282–8

Kobetic R, Triolo R J, Uhlir J P, Bieri C, Wibowo M, Polando G, 
Marsolais E B, Davis J A and Ferguson K A 1999 Implanted 
functional electrical stimulation system for mobility in 
paraplegia: a follow-up case report IEEE Trans. Rehabil. Eng. 
7 390–8

Kostov A, Stein R B, Armstrong W W and Thomas M 1992 
Evaluation of adaptive logic networks for control of walking in 
paralyzed patients 1992 14th Annu. Int. Eng. Med. Biol. Soc. 
pp 1332–4

Kristan W B and Weeks J C 1983 Neurons controlling the initiation, 
generation and modulation of leech swimming Symp. Soc. Exp. 
Biol. 37 243–60 (PMID:6679114) 

Lau B, Guevremont L and Mushahwar V K 2007 Strategies for 
generating prolonged functional standing using intramuscular 
stimulation or intraspinal microstimulation IEEE Trans. Neural 
Syst. Rehabil. Eng. 15 273–85

Lovse L, Bobet J, Roy F D, Rolf R, Mushahwar V K and Stein R B 
2012 External sensors for detecting the activation and 
deactivation times of the major muscles used in walking IEEE 
Trans. Neural Syst. Rehabil. Eng. 20 488–98

Marigold D S and Patla A E 2005 Adapting locomotion to different 
surface compliances: neuromuscular responses and changes in 
movement dynamics J. Neurophysiol. 94 1733–50

Mazurek K A, Holinski B J, Everaert D G, Stein R B, Etienne-
Cummings R and Mushahwar V K 2012 Feed forward and 
feedback control for over-ground locomotion in anaesthetized 
cats J. Neural Eng. 9 026003

J. Neural Eng. 15 (2018) 056023

https://doi.org/10.1038/10131
https://doi.org/10.1038/10131
https://doi.org/10.1038/10131
https://doi.org/10.1053/apmr.2001.23752
https://doi.org/10.1053/apmr.2001.23752
https://doi.org/10.1053/apmr.2001.23752
https://doi.org/10.1152/jn.1979.42.4.936
https://doi.org/10.1152/jn.1979.42.4.936
https://doi.org/10.1152/jn.1979.42.4.936
https://doi.org/10.3109/09638288.2013.766268
https://doi.org/10.3109/09638288.2013.766268
https://doi.org/10.3109/09638288.2013.766268
https://doi.org/10.1002/jmor.1051410102
https://doi.org/10.1002/jmor.1051410102
https://doi.org/10.1002/jmor.1051410102
https://doi.org/10.1109/10.391169
https://doi.org/10.1109/10.391169
https://doi.org/10.1109/10.391169
https://doi.org/10.1016/0006-8993(78)90973-3
https://doi.org/10.1016/0006-8993(78)90973-3
https://doi.org/10.1016/0006-8993(78)90973-3
https://doi.org/10.1111/j.1748-1716.1973.tb05396.x
https://doi.org/10.1111/j.1748-1716.1973.tb05396.x
https://doi.org/10.1111/j.1748-1716.1973.tb05396.x
https://doi.org/10.1146/annurev.ne.08.030185.001313
https://doi.org/10.1146/annurev.ne.08.030185.001313
https://doi.org/10.1146/annurev.ne.08.030185.001313
https://doi.org/10.1016/j.brainresrev.2009.08.002
https://doi.org/10.1016/j.brainresrev.2009.08.002
https://doi.org/10.1016/j.brainresrev.2009.08.002
https://doi.org/10.3389/fneur.2012.00183
https://doi.org/10.3389/fneur.2012.00183
https://doi.org/10.1152/jn.01177.2006
https://doi.org/10.1152/jn.01177.2006
https://doi.org/10.1152/jn.01177.2006
https://doi.org/10.1088/1741-2560/3/4/003
https://doi.org/10.1088/1741-2560/3/4/003
https://doi.org/10.1088/1741-2560/3/4/003
https://doi.org/10.1682/JRRD.2007.03.0333
https://doi.org/10.1682/JRRD.2007.03.0333
https://doi.org/10.1682/JRRD.2007.03.0333
https://doi.org/10.1016/S0140-6736(11)60547-3
https://doi.org/10.1016/S0140-6736(11)60547-3
https://doi.org/10.1016/S0140-6736(11)60547-3
https://doi.org/10.1016/S0003-9993(00)90049-2
https://doi.org/10.1016/S0003-9993(00)90049-2
https://doi.org/10.1016/S0003-9993(00)90049-2
https://doi.org/10.1152/jn.1995.73.1.416
https://doi.org/10.1152/jn.1995.73.1.416
https://doi.org/10.1152/jn.1995.73.1.416
https://doi.org/10.1111/aor.12335
https://doi.org/10.1111/aor.12335
https://doi.org/10.1111/aor.12335
https://doi.org/10.1088/1741-2560/10/5/056008
https://doi.org/10.1088/1741-2560/10/5/056008
https://doi.org/10.1109/IEMBS.2011.6091435
https://doi.org/10.1109/IEMBS.2011.6091435
https://doi.org/10.1088/1741-2560/13/5/056016
https://doi.org/10.1088/1741-2560/13/5/056016
https://doi.org/10.1088/1741-2560/13/2/026017
https://doi.org/10.1088/1741-2560/13/2/026017
https://doi.org/10.1089/neu.2000.17.1117
https://doi.org/10.1089/neu.2000.17.1117
https://doi.org/10.1089/neu.2000.17.1117
https://doi.org/10.1109/TNSRE.2018.2834339
https://doi.org/10.1109/TNSRE.2018.2834339
https://doi.org/10.1109/TNSRE.2018.2834339
https://doi.org/10.1111/j.1748-1716.1967.tb03637.x
https://doi.org/10.1111/j.1748-1716.1967.tb03637.x
https://doi.org/10.1111/j.1748-1716.1967.tb03637.x
https://doi.org/10.1177/1059712313511648
https://doi.org/10.1177/1059712313511648
https://doi.org/10.1177/1059712313511648
https://doi.org/10.1088/1741-2560/10/4/044001
https://doi.org/10.1088/1741-2560/10/4/044001
https://doi.org/10.1146/annurev.neuro.29.051605.112910
https://doi.org/10.1146/annurev.neuro.29.051605.112910
https://doi.org/10.1146/annurev.neuro.29.051605.112910
https://doi.org/10.4055/cios.2017.9.1.1
https://doi.org/10.4055/cios.2017.9.1.1
https://doi.org/10.4055/cios.2017.9.1.1
https://doi.org/10.1109/IEMBS.1989.96065
https://doi.org/10.1109/IEMBS.1989.96065
https://doi.org/10.1016/0141-5425(89)90046-0
https://doi.org/10.1016/0141-5425(89)90046-0
https://doi.org/10.1016/0141-5425(89)90046-0
https://doi.org/10.1016/0141-5425(85)90055-X
https://doi.org/10.1016/0141-5425(85)90055-X
https://doi.org/10.1016/0141-5425(85)90055-X
https://doi.org/10.1109/86.808942
https://doi.org/10.1109/86.808942
https://doi.org/10.1109/86.808942
https://doi.org/10.1109/IEMBS.1992.5761816
https://doi.org/10.1109/IEMBS.1992.5761816
https://europepmc.org/abstract/med/6679114
https://doi.org/10.1109/TNSRE.2007.897030
https://doi.org/10.1109/TNSRE.2007.897030
https://doi.org/10.1109/TNSRE.2007.897030
https://doi.org/10.1109/TNSRE.2012.2203338
https://doi.org/10.1109/TNSRE.2012.2203338
https://doi.org/10.1109/TNSRE.2012.2203338
https://doi.org/10.1152/jn.00019.2005
https://doi.org/10.1152/jn.00019.2005
https://doi.org/10.1152/jn.00019.2005
https://doi.org/10.1088/1741-2560/9/2/026003
https://doi.org/10.1088/1741-2560/9/2/026003


A N Dalrymple et al

19

McCrea D A and Rybak I A 2008 Organization of mammalian 
locomotor rhythm and pattern generation Brain Res. Rev. 
57 134–46

Mercier L M, Gonzalez-Rothi E J, Streeter K A, Posgai S S, 
Poirier A S, Fuller D D, Reier P J and Baekey D M 2017 
Intraspinal microstimulation and diaphragm activation after 
cervical spinal cord injury J. Neurophysiol. 117 767–76

Messina J A, St Paul A, Hargis S, Thompson W E and 
McClellan A D 2017 Elimination of left-right reciprocal 
coupling in the adult lamprey spinal cord abolishes the 
generation of locomotor activity Front. Neural Circuits 11 89

Minassian K, Hofstoetter U S, Danner S M, Mayr W, Bruce J A, 
McKay W B and Tansey K E 2016 Spinal rhythm generation 
by step-induced feedback and transcutaneous posterior root 
stimulation in complete spinal cord-injured individuals 
Neurorehabil. Neural Repair 30 233–43

Minassian K, Persy I, Rattay F, Pinter M M, Kern H and 
Dimitrijevic M R 2007 Human lumbar cord circuitries can be 
activated by extrinsic tonic input to generate locomotor-like 
activity Hum. Mov. Sci. 26 275–95

Modayil J and Sutton R S 2014 Prediction driven behavior: learning 
predictions that drive fixed responses Workshop  Assoc. for the 
Advancement of Artificial Intelligence (AAAI) (Palo Alto, CA: 
AAAI) (www.aaai.org/ocs/index.php/WS/AAAIW14/paper/
view/8740) (Accessed: 1 January 2018)

Mondello S E, Kasten M R, Horner P J and Moritz C T 2014 
Therapeutic intraspinal stimulation to generate activity and 
promote long-term recovery Front. Neurosci. 8 21

Mori S, Matsuyama K, Kohyama J, Kobayashi Y and 
Takakusaki K 1992 Neuronal constituents of postural and 
locomotor control systems and their interactions in cats 
Brain Dev. 14 S109–20 (PMID:1626623) 

Moritz C T, Lucas T H, Perlmutter S I and Fetz E E 2007 Forelimb 
movements and muscle responses evoked by microstimulation 
of cervical spinal cord in sedated monkeys J. Neurophysiol. 
97 110–20

Morton S M and Bastian A J 2006 Cerebellar contributions to 
locomotor adaptations during splitbelt treadmill walking J. 
Neurosci. Off. 26 9107–16

Müller-Putz G R, Scherer R, Pfurtscheller G and Neuper C 2010 
Temporal coding of brain patterns for direct limb control in 
humans Front. Neurosci. 4 34

Murray M and Fischer I 2001 Transplantation and gene therapy: 
combined approaches for repair of spinal cord injury Neurosci. 
Rev. J. Bringing Neurobiol. Neurol. Psychiatry 7 28–41

Murray S A, Ha K H and Goldfarb M 2014 An assistive controller 
for a lower-limb exoskeleton for rehabilitation after stroke, and 
preliminary assessment thereof Conf. Proc. Annual Int. Conf. 
IEEE Eng. Med. Biol. Soc. pp 4083–6

Mushahwar V K and Horch K W 1997 Proposed specifications 
for a lumbar spinal cord electrode array for control of lower 
extremities in paraplegia IEEE Trans. Rehabil. Eng. 5 237–43

Mushahwar V K and Horch K W 1998 Selective activation and 
graded recruitment of functional muscle groups through spinal 
cord stimulation Ann. New York Acad. Sci. 860 531–5

Mushahwar V K and Horch K W 2000 Selective activation of 
muscle groups in the feline hindlimb through electrical 
microstimulation of the ventral lumbo-sacral spinal cord IEEE 
Trans. Rehabil. Eng. 8 11–21

Mushahwar V K, Collins D F and Prochazka A 2000 Spinal cord 
microstimulation generates functional limb movements in 
chronically implanted cats Exp. Neurol. 163 422–9

Mushahwar V K, Gillard D M, Gauthier M J A and Prochazka A 
2002 Intraspinal micro stimulation generates locomotor-like 
and feedback-controlled movements IEEE Trans. Neural Syst. 
Rehabil. Eng. 10 68–81

Mushahwar V K, Guevremont L and Saigal R 2006 Could cortical 
signals control intraspinal stimulators? A theoretical evaluation 
IEEE Trans. Neural Syst. Rehabil. Eng. 14 198–201

Musienko P, Courtine G, Tibbs J E, Kilimnik V, Savochin A, 
Garfinkel A, Roy R R, Edgerton V R and Gerasimenko Y 
2012 Somatosensory control of balance during locomotion in 
decerebrated cat J. Neurophysiol. 107 2072–82

Novikova L N, Kolar M K, Kingham P J, Ullrich A, Oberhoffner S, 
Renardy M, Doser M, Müller E, Wiberg M and Novikov L N 
2017 Trimethylene carbonate-caprolactone conduit with poly-
p-dioxanone microfilaments to promote regeneration after 
spinal cord injury Acta Biomater. 66 177–91

Orlovskiĭ G N, Severin F V and Shik M L 1966 Locomotion 
induced by stimulation of the mesencephalon Dokl. Akad. 
Nauk SSSR 169 1223–6 (PMID:5967985) 

Pearson K G and Rossignol S 1991 Fictive motor patterns in 
chronic spinal cats J. Neurophysiol. 66 1874–87

Peckham P H and Knutson J S 2005 Functional electrical 
stimulation for neuromuscular applications Annu. Rev. Biomed. 
Eng. 7 327–60

Pisotta I and Molinari M 2014 Cerebellar contribution to 
feedforward control of locomotion Front. Hum. Neurosci. 
8 475

Popović D B 1993 Finite state model of locomotion for functional 
electrical stimulation systems Prog. Brain Res. 97 397–407

Raisman G 2001 Olfactory ensheathing cells—another miracle cure 
for spinal cord injury? Nat. Rev. Neurosci. 2 369–75

Rejc E, Angeli C and Harkema S 2015 Effects of lumbosacral spinal 
cord epidural stimulation for standing after chronic complete 
paralysis in humans PLoS One 10 e0133998

Roshani A and Erfanian A 2013a Fuzzy logic control of ankle 
movement using multi-electrode intraspinal microstimulation 
Conf. Proc. Annual Int. Conf. IEEE Eng. Med. Biol. Soc. pp 
5642–5

Roshani A and Erfanian A 2013b Restoring motor functions 
in paralyzed limbs through intraspinal multielectrode 
microstimulation using fuzzy logic control and lag compensator 
Basic Clin. Neurosci. 4 232–43 (PMID:25337352) 

Ryczko D and Dubuc R 2013 The multifunctional mesencephalic 
locomotor region Curr. Pharm. Des. 19 4448–70

Saigal R, Renzi C and Mushahwar V K 2004 Intraspinal 
microstimulation generates functional movements after  
spinal-cord injury IEEE Trans. Neural Syst. Rehabil. Eng. 
12 430–40

Sepulveda F, Granat M H and Cliquet A 1997 Two artificial 
neural systems for generation of gait swing by means of 
neuromuscular electrical stimulation Med. Eng. Phys. 19 21–8

Shadmehr R, Smith M A and Krakauer J W 2010 Error correction, 
sensory prediction, and adaptation in motor control Annu. Rev. 
Neurosci. 33 89–108

Shahdoost S, Frost S, Acker G V, DeJong S, Dunham C, Barbay S, 
Nudo R and Mohseni P 2014 Towards a miniaturized brain-
machine-spinal cord interface (BMSI) for restoration of 
function after spinal cord injury 2014 36th Annual Int. Conf. 
IEEE Eng. Med. Biol. Soc. pp 486–9

Shik M L, Severin F V and Orlovskiĭ G N 1966 Control of walking 
and running by means of electric stimulation of the midbrain 
Biofizika 11 659–66 (PMID:6000625) 

Spinal Cord Injury (SCI) 2016 Facts and figures at a glance, 2016  
J. Spinal Cord Med. 39 493–4

Stein P S 1971 Intersegmental coordination of swimmeret 
motoneuron activity in crayfish J. Neurophysiol. 34 310–8

Sullivan J L, Bhagat N A, Yozbatiran N, Paranjape R, Losey C G, 
Grossman R G, Contreras-Vidal J L, Francisco G E and 
O’Malley M K 2017 Improving robotic stroke rehabilitation by 
incorporating neural intent detection: preliminary results from 
a clinical trial IEEE Int. Conf. Rehabilitation Robotics Proc. 
2017 pp 122–7

Sunshine M D, Cho F S, Lockwood D R, Fechko A S, Kasten M R 
and Moritz C T 2013 Cervical intraspinal microstimulation 
evokes robust forelimb movements before and after injury J. 
Neural Eng. 10 036001

J. Neural Eng. 15 (2018) 056023

https://doi.org/10.1016/j.brainresrev.2007.08.006
https://doi.org/10.1016/j.brainresrev.2007.08.006
https://doi.org/10.1016/j.brainresrev.2007.08.006
https://doi.org/10.1152/jn.00721.2016
https://doi.org/10.1152/jn.00721.2016
https://doi.org/10.1152/jn.00721.2016
https://doi.org/10.3389/fncir.2017.00089
https://doi.org/10.3389/fncir.2017.00089
https://doi.org/10.1177/1545968315591706
https://doi.org/10.1177/1545968315591706
https://doi.org/10.1177/1545968315591706
https://doi.org/10.1016/j.humov.2007.01.005
https://doi.org/10.1016/j.humov.2007.01.005
https://doi.org/10.1016/j.humov.2007.01.005
http://www.aaai.org/ocs/index.php/WS/AAAIW14/paper/view/8740
http://www.aaai.org/ocs/index.php/WS/AAAIW14/paper/view/8740
https://doi.org/10.3389/fnins.2014.00021
https://doi.org/10.3389/fnins.2014.00021
https://europepmc.org/abstract/med/1626623
https://doi.org/10.1152/jn.00414.2006
https://doi.org/10.1152/jn.00414.2006
https://doi.org/10.1152/jn.00414.2006
https://doi.org/10.1523/JNEUROSCI.2622-06.2006
https://doi.org/10.1523/JNEUROSCI.2622-06.2006
https://doi.org/10.1523/JNEUROSCI.2622-06.2006
https://doi.org/10.3389/fnins.2010.00034
https://doi.org/10.3389/fnins.2010.00034
https://doi.org/10.1177/107385840100700107
https://doi.org/10.1177/107385840100700107
https://doi.org/10.1177/107385840100700107
https://doi.org/10.1109/EMBC.2014.6944521
https://doi.org/10.1109/EMBC.2014.6944521
https://doi.org/10.1109/86.623015
https://doi.org/10.1109/86.623015
https://doi.org/10.1109/86.623015
https://doi.org/10.1111/j.1749-6632.1998.tb09096.x
https://doi.org/10.1111/j.1749-6632.1998.tb09096.x
https://doi.org/10.1111/j.1749-6632.1998.tb09096.x
https://doi.org/10.1109/86.830944
https://doi.org/10.1109/86.830944
https://doi.org/10.1109/86.830944
https://doi.org/10.1006/exnr.2000.7381
https://doi.org/10.1006/exnr.2000.7381
https://doi.org/10.1006/exnr.2000.7381
https://doi.org/10.1109/TNSRE.2002.1021588
https://doi.org/10.1109/TNSRE.2002.1021588
https://doi.org/10.1109/TNSRE.2002.1021588
https://doi.org/10.1109/TNSRE.2006.875532
https://doi.org/10.1109/TNSRE.2006.875532
https://doi.org/10.1109/TNSRE.2006.875532
https://doi.org/10.1152/jn.00730.2011
https://doi.org/10.1152/jn.00730.2011
https://doi.org/10.1152/jn.00730.2011
https://doi.org/10.1016/j.actbio.2017.11.028
https://doi.org/10.1016/j.actbio.2017.11.028
https://doi.org/10.1016/j.actbio.2017.11.028
https://europepmc.org/abstract/med/5967985
https://doi.org/10.1152/jn.1991.66.6.1874
https://doi.org/10.1152/jn.1991.66.6.1874
https://doi.org/10.1152/jn.1991.66.6.1874
https://doi.org/10.1146/annurev.bioeng.6.040803.140103
https://doi.org/10.1146/annurev.bioeng.6.040803.140103
https://doi.org/10.1146/annurev.bioeng.6.040803.140103
https://doi.org/10.3389/fnhum.2014.00475
https://doi.org/10.3389/fnhum.2014.00475
https://doi.org/10.1016/S0079-6123(08)62299-2
https://doi.org/10.1016/S0079-6123(08)62299-2
https://doi.org/10.1016/S0079-6123(08)62299-2
https://doi.org/10.1038/35072576
https://doi.org/10.1038/35072576
https://doi.org/10.1038/35072576
https://doi.org/10.1371/journal.pone.0133998
https://doi.org/10.1371/journal.pone.0133998
https://doi.org/10.1109/EMBC.2013.6610830
https://doi.org/10.1109/EMBC.2013.6610830
https://europepmc.org/abstract/med/25337352
https://doi.org/10.2174/1381612811319240011
https://doi.org/10.2174/1381612811319240011
https://doi.org/10.2174/1381612811319240011
https://doi.org/10.1109/TNSRE.2004.837754
https://doi.org/10.1109/TNSRE.2004.837754
https://doi.org/10.1109/TNSRE.2004.837754
https://doi.org/10.1016/S1350-4533(96)00030-6
https://doi.org/10.1016/S1350-4533(96)00030-6
https://doi.org/10.1016/S1350-4533(96)00030-6
https://doi.org/10.1146/annurev-neuro-060909-153135
https://doi.org/10.1146/annurev-neuro-060909-153135
https://doi.org/10.1146/annurev-neuro-060909-153135
https://doi.org/10.1109/EMBC.2014.6943634
https://doi.org/10.1109/EMBC.2014.6943634
https://europepmc.org/abstract/med/6000625
https://doi.org/10.1080/10790268.2016.1210925
https://doi.org/10.1080/10790268.2016.1210925
https://doi.org/10.1080/10790268.2016.1210925
https://doi.org/10.1152/jn.1971.34.2.310
https://doi.org/10.1152/jn.1971.34.2.310
https://doi.org/10.1152/jn.1971.34.2.310
https://doi.org/10.1109/ICORR.2017.8009233
https://doi.org/10.1109/ICORR.2017.8009233
https://doi.org/10.1088/1741-2560/10/3/036001
https://doi.org/10.1088/1741-2560/10/3/036001


A N Dalrymple et al

20

Sunshine M D, Ganji C N, Reier P J, Fuller D D and Moritz C T 
2018 Intraspinal microstimulation for respiratory muscle 
activation Exp. Neurol. 302 93–103

Takakusaki K 2013 Neurophysiology of gait: from the spinal cord 
to the frontal lobe Mov. Disord. Off. 28 1483–91

Takakusaki K, Tomita N and Yano M 2008 Substrates for normal 
gait and pathophysiology of gait disturbances with respect to 
the basal ganglia dysfunction J. Neurol. 255 19–29

Thrasher T A and Popovic M R 2008 Functional electrical 
stimulation of walking: function, exercise and rehabilitation 
Ann. Réadapt. Médecine Phys. 51 452–60

Thrasher T A, Flett H M and Popovic M R 2006 Gait training 
regimen for incomplete spinal cord injury using functional 
electrical stimulation Spinal Cord 44 357–61

Tong K Y and Granat M H 1999 Gait control system for functional 
electrical stimulation using neural networks Med. Biol. Eng. 
Comput. 37 35–41

Triolo R J et al 2012 Longitudinal performance of a surgically 
implanted neuroprosthesis for lower-extremity exercise, 
standing, and transfers after spinal cord injury Arch. Phys. 
Med. Rehabil. 93 896–904

van den Brand R et al 2012 Restoring voluntary control of 
locomotion after paralyzing spinal cord injury Science 
336 1182–5

Vanderhorst V G and Holstege G 1997 Organization of lumbosacral 
motoneuronal cell groups innervating hindlimb, pelvic floor, 
and axial muscles in the cat J. Comp. Neurol. 382 46–76

Vogelstein R J, Tenore F, Guevremont L, Etienne-Cummings R 
and Mushahwar V K 2008 A silicon central pattern generator 
controls locomotion in vivo IEEE Trans. Biomed. Circuits Syst. 
2 212–22

Wallén P and Williams T L 1984 Fictive locomotion in the lamprey 
spinal cord in vitro compared with swimming in the intact and 
spinal animal J. Physiol. 347 225–39

Wang W et al 2013 An electrocorticographic brain interface in an 
individual with tetraplegia PLoS One 8 e55344

Weber D J, Stein R B, Everaert D G and Prochazka A 2007 Limb-
state feedback from ensembles of simultaneously recorded 
dorsal root ganglion neurons J. Neural Eng. 4 S168–80

Witten I H, Frank E, Hall M A and Pal C J 2016 Data Mining: 
Practical Machine Learning Tools and Techniques (Burlington, 
MA: Morgan Kaufmann)

Zimmermann J B and Jackson A 2014 Closed-loop control of spinal 
cord stimulation to restore hand function after paralysis Front. 
Neurosci. 8 87

Zimmermann J B, Seki K and Jackson A 2011 Reanimating the 
arm and hand with intraspinal microstimulation J. Neural Eng. 
8 054001

J. Neural Eng. 15 (2018) 056023

https://doi.org/10.1016/j.expneurol.2017.12.014
https://doi.org/10.1016/j.expneurol.2017.12.014
https://doi.org/10.1016/j.expneurol.2017.12.014
https://doi.org/10.1002/mds.25669
https://doi.org/10.1002/mds.25669
https://doi.org/10.1002/mds.25669
https://doi.org/10.1007/s00415-008-4004-7
https://doi.org/10.1007/s00415-008-4004-7
https://doi.org/10.1007/s00415-008-4004-7
https://doi.org/10.1016/j.annrmp.2008.05.006
https://doi.org/10.1016/j.annrmp.2008.05.006
https://doi.org/10.1016/j.annrmp.2008.05.006
https://doi.org/10.1038/sj.sc.3101864
https://doi.org/10.1038/sj.sc.3101864
https://doi.org/10.1038/sj.sc.3101864
https://doi.org/10.1007/BF02513263
https://doi.org/10.1007/BF02513263
https://doi.org/10.1007/BF02513263
https://doi.org/10.1016/j.apmr.2012.01.001
https://doi.org/10.1016/j.apmr.2012.01.001
https://doi.org/10.1016/j.apmr.2012.01.001
https://doi.org/10.1126/science.1217416
https://doi.org/10.1126/science.1217416
https://doi.org/10.1126/science.1217416
https://doi.org/10.1002/(SICI)1096-9861(19970526)382:1<46::AID-CNE4>3.0.CO;2-K
https://doi.org/10.1002/(SICI)1096-9861(19970526)382:1<46::AID-CNE4>3.0.CO;2-K
https://doi.org/10.1002/(SICI)1096-9861(19970526)382:1<46::AID-CNE4>3.0.CO;2-K
https://doi.org/10.1109/TBCAS.2008.2001867
https://doi.org/10.1109/TBCAS.2008.2001867
https://doi.org/10.1109/TBCAS.2008.2001867
https://doi.org/10.1113/jphysiol.1984.sp015063
https://doi.org/10.1113/jphysiol.1984.sp015063
https://doi.org/10.1113/jphysiol.1984.sp015063
https://doi.org/10.1371/annotation/5fa9cfb4-9964-4586-845d-d8205f318d68
https://doi.org/10.1371/annotation/5fa9cfb4-9964-4586-845d-d8205f318d68
https://doi.org/10.1088/1741-2560/4/3/S04
https://doi.org/10.1088/1741-2560/4/3/S04
https://doi.org/10.1088/1741-2560/4/3/S04
https://doi.org/10.3389/fnins.2014.00087
https://doi.org/10.3389/fnins.2014.00087
https://doi.org/10.1088/1741-2560/8/5/054001
https://doi.org/10.1088/1741-2560/8/5/054001

	A speed-adaptive intraspinal microstimulation controller to restore weight-bearing stepping in a spinal 
cord hemisection model
	Abstract
	Introduction
	Methods
	ISMS implant procedure and stimulation protocol
	Experimental setup
	Control strategy
	Speed adaptability
	Step period prediction
	Outcome measures
	Experimental protocol
	Statistics

	Results
	Stepping at a constant speed with no speed adaptation
	Stepping at varying speed with no speed adaptability
	Stepping at varying speeds with speed adaptability

	Discussion
	Comparison to natural walking
	Comparison to other control strategies
	Signals for control strategies of ISMS
	ISMS and incomplete SCI
	Experimental limitations
	Future considerations

	Acknowledgments
	ORCID iDs
	References




