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Abstract 

The loss of the ability to walk as the result of neurological injury or disease 

critically impacts the mobility and everyday lifestyle of millions. The World Heath 

Organization (WHO) estimates that approximately 1% of the world’s population needs 

the use of a wheelchair to assist their personal mobility. Advances in the field of brain-

machine interfaces (BMIs) have recently demonstrated the feasibility of using 

neuroprosthetics to extract motor information from cortical ensembles for more effective 

control of upper-limb replacements.  However, the promise of BMIs has not yet been 

brought to bear on the challenge of restoring the ability to walk. A future 

neuroprosthesis designed to restore walking would need two streams of information 

flowing between the user’s brain and the device.  First, the motor control signals would 

have to be extracted from the brain, allowing the robotic prosthesis to behave in the 

manner intended by the user.  Second, and equally important would be the flow of 

sensory and proprioceptive information back to the user from the neuroprosthesis.  

Here, I contribute to the foundation of such a bi-directional brain machine interface for 

the restoration of walking in a series of experiments in two animal models, designed to 

show the feasibility of (1) extracting locomotor information from neuronal ensemble 

activity and (2) sending information back into the brain via cortical microstimulation.   
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In a set of experiments designed to investigate the extraction of locomotor 

parameters, I chronically recorded from ensembles of neurons in primary motor (M1) 

and primary somatosensory (S1) cortices in two adult female rhesus macaques as they 

walked bipedally, at various speeds, both forward and backward on a custom treadmill.  

For these experiments, rhesus monkeys were suitable because of their ability to walk 

bipedally in a naturalistic manner with training.  I demonstrate that the kinematics of 

bipedal walking in rhesus macaques can be extracted from neuronal ensemble 

recordings, both offline and in real-time.  The activity of hundreds of neurons was 

processed by a series of linear decoders to extract accurate predictions of leg joints in 

three dimensional space, as well as leg muscle electromyograms (EMGs).  Using a multi-

layered switching model allowed us to achieve increased extraction accuracy by 

segregating different behavioral modes of walking. 

In a second set of experiments designed to investigate the usage of 

microstimulation as a potential artificial sensory channel, I instructed two adult female 

Aotus trivirgatus (owl monkeys) about the location of a hidden food reward using a 

series of cortical microstimulation patterns delivered to primary somatosensory (S1) 

cortex.  The owl monkeys discriminated these microstimulation patterns and used them 

to guide reaching movements to one of two targets.  Here, owl monkeys were used 

which were previously implanted with electrode arrays of high longevity and stability.  

These monkeys were previously trained on a somatosensory cued task, which allowed a 
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quick transition to microstimulation cueing.  The owl monkeys learned to interpret 

microstimulation patterns, and their skill and speed of learning new patterns improved 

over several months. Additionally, neuronal activity recorded on non-stimulated 

electrodes in motor (M1), premotor (PMD) and posterior parietal (PP) cortices allowed 

us to examine the immediate neural responses to single biphasic stimulation pulses as 

well as overall responses to the spatiotemporal pattern.  Using this recorded neuronal 

activity, I showed the efficacy of several linear classification algorithms during 

microstimulation.   

These results demonstrate that locomotor kinematic parameters can be 

accurately decoded from the activity of neuronal ensembles, that multichannel 

microstimulation is a viable information channel for sensorized prosthetics, and that the 

technical limitations of combining these techniques can be overcome. I propose that bi-

directional BMIs integrating these techniques will one day restore the ability to walk to 

severely paralyzed patients.
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1. Introduction  

1.1 Brain Machine Interfaces 

Although the possibility of a directly interfacing the human brain and a 

computer or machine has been the realm of literature, film, and philosophy for decades, 

the idea of a brain-machine interface (BMI) materialized in concrete implementations 

fairly recently.  In the late 1960s, experiments by Eberhard Fetz demonstrated that 

macaques could be operantly conditioned to selectively adjust the firing rates of 

individual cortical neurons to a specific level of activity when presented with sensory 

feedback that indicated the present rate of neuron firing (Fetz 1969). However, it was not 

until 1980 that Edward Schmidt first proposed using this method to restore motor 

behaviors in paralyzed patients (Schmidt 1980).  

Much of the theoretical groundwork for today’s motor extraction BMIs was 

accomplished in the last 30 years. In 1982, Apostolos Georgopoulos used a center-out 

task to demonstrate that the activity of neurons in motor cortex was related to 

movement direction according to a tuning curve centered around a preferred direction 

(Georgopoulos et al. 1982). A fundamental breakthrough that opened up the BMI field 

was the technique of multielectrode recordings from large neuronal ensembles (Nicolelis 

et al. 2003), which permitted the extraction of information from distributed neural 

networks. This approach led to rapid advances in BMIs.   Early experiments in rats, used 

artificial neural networks applied to the recorded activity of more than 25 neurons in 
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primary motor cortex (M1) and ventrolateral thalamus (VL) to control a one degree of 

freedom robotic arm, allowing the rats obtain water (Chapin et al. 1999).  Later, cortical 

signals from owl monkey primary motor (M1), dorsal premotor (PMd), and posterior 

parietal (PP) cortices were used to control an open-loop BMI using both linear and 

nonlinear algorithms. (Wessberg et al. 2000).  More recent experiments have extended 

this even farther, into much more sophisticated closed-loop systems capable of decoding 

3D reaches in real time (Taylor, Tillery, and Schwartz 2002) and even simultaneous 

reaches and grasps (Carmena et al. 2003). 

Although noninvasive, relatively easy to implement EEG based BMIs (Lauer, 

Peckham, and Kilgore 1999; Wolpaw 2004), and peripheral sensory BMIs like cochlear 

implants have caught on somewhat in commercial human applications, more high-

fidelity and invasive BMIs based on multielectrode techniques (Hochberg et al. 2006; 

Kennedy et al. 2000), have not seen as much success yet in human applications.  There is 

still a host of work needed to perfect BMI techniques before the promise of BMIs 

dreamed of in literature, film, and philosophy can be fulfilled.  As yet, upper limbs have 

seen the majority of experimental attention, while little work towards lower limb 

neuroprosthetics has been carried out.  Further, input and output BMIs have been 

approached as separate entities.  Little work has been done towards bi-directional BMIs, 

that is, BMIs that both receive control signals from the brain and convey direct, non-
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visual feedback back to the user.  Here we begin to address these shortfalls in the BMI 

field. 

1.2 Extracting bipedal locomotion from the brain 

Bipedal locomotion control is of great interest to the field of brain-machine 

interfaces (BMIs), i.e. devices that utilize neural activity to control limb prostheses 

(Chapin 2004; Fetz 2007; Lebedev and Nicolelis 2006; Nicolelis 2001; Schwartz et al. 2006; 

Taylor, Tillery, and Schwartz 2002). Since locomotion deficits are commonly associated 

with spinal cord injury (Dietz 2001; Dietz and Colombo 2004; Rossignol et al. 2007; 

Scivoletto and Di Donna 2008; Wood-Dauphinee et al. 2002) and neurodegenerative 

diseases (Boonstra et al. 2008; Green and Hurvitz 2007; Morris 2006; Pearson et al. 2004; 

Sparrow and Tirosh 2005; Yogev-Seligmann, Hausdorff, and Giladi 2008), there is a need 

to seek new potential therapies to restore gait control in such patients. While the 

feasibility of a BMI for upper limbs has been demonstrated in studies in monkeys 

(Carmena et al. 2003; Carmena et al. 2005; Serruya et al. 2002; Taylor, Tillery, and 

Schwartz 2002; Velliste et al. 2008; Wessberg et al. 2000) and humans (Hochberg et al. 

2006; Patil et al. 2004), it remains unknown whether BMIs could aid patients suffering 

from lower limb paralysis, e.g. by driving a leg prosthesis or artificial exoskeleton 

(Fleischer et al. 2006; Hesse et al. 2003; Veneman et al. 2007).  

Pioneered by Borelli (Borelli 1680), investigations in biological systems have 

generated a wealth of knowledge about the biomechanics (Alexander 2004; Andriacchi 
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and Alexander 2000; Dickinson et al. 2000; Koditschek, Full, and Buehler 2004; Ounpuu 

1994; Saibene and Minetti 2003; Stevens 2006; Vaughan 2003; Zajac, Neptune, and Kautz 

2002; Zatsiorky, Werner, and Kaimin 1994) and neurophysiological mechanisms 

underlying locomotion (Beloozerova, Sirota, and Swadlow 2003; Deliagina et al. 2008; 

Drew, Prentice, and Schepens 2004; Georgopoulos and Grillner 1989; Grillner 2006; 

Grillner and Wallen 2002; Grillner et al. 2008; Hultborn and Nielsen 2007; Kagan and 

Shik 2004; Orlovsky, Deliagina, and Grillner 1999; Takakusaki 2008). Many such 

biological principles are being applied to robotic locomotion (Azevedo et al. 2007; 

Kimura, Fukuoka, and Cohen 2007; Morimoto et al. 2008; Nakanishi et al. 2004).  

The extraction side of a neuroprosthesis for the restoration of locomotion could 

be designed in several different ways. For example, a very simplified interface could be 

built, extracting only speed and directional information from neural activity, and 

offloading all precise movement control to onboard computerized systems.  However, 

such a neuroprosthesis would not offer much more functionality to the user than a 

motorized wheelchair.  Alternatively, a far more ambitious neuroprosthesis could 

attempt to extract control signals for every articulated joint in the robotic prosthetic, 

trusting the user to learn to control every aspect of the limb’s usage.  However, much of 

balance and postural adjustments involve involuntary mechanisms (Deliagina and 

Orlovsky 2002; Grillner et al. 2007; Maki and McIlroy 2007), and the lack of perfect 

decoding and sensory feedback could result in falls and injuries. Our approach takes the 
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middle ground. If we can decode key walking parameters: step time, step length, foot 

location, and leg orientation, while offloading other automatic-level controls: foot 

orientation, load placement, balance, and safety concerns to onboard computerized 

systems, then we can achieve a BMI that follows the general commands of the user while 

enforcing stability, and overriding motions and configurations likely to result in falls. 

1.3 Artificial somatosensory and proprioceptive information 

Extracting motor information is only half of the equation for future clinical 

neuroprostheses.  Efficient, accurate operation of natural limbs requires far more 

information than visual feedback.  We receive a host of sensory and proprioceptive 

information from our limbs: where they are in space, whether they are in contact with 

external objects, what the distribution of forces is within their musculature.  To control a 

neuroprosthesis would likely require similar information be transmitted back to the 

user.  Specifically for lower-limb prostheses, due to the nature of how the leg is used, 

with it rarely in the visual field, this artificial stream of sensory information may be even 

more important than for prostheses replacing upper limbs. A solution for conveying this 

information back to the brain is a necessity.  With the development of multielectrode 

implants (Nicolelis et al. 2003) and the concurrent advances of brain-machine interfaces 

(Carmena et al. 2003; Chapin et al. 1999; Lebedev et al. 2005; Lebedev and Nicolelis 2006; 

Taylor, Tillery, and Schwartz 2002; Wessberg et al. 2000), there is renewed interest in 

microstimulation to provide just this sort of an artificial sensory channel to the brain. 
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Such a channel could convey information from sensors of a prosthetic limb (Berger et al. 

2005; Lebedev and Nicolelis 2006; Middlebrooks, Bierer, and Snyder 2005; Wickelgren 

2006) or it could help recover sensation lost due to a neurological disorder when the 

limb is still intact. While this idea is intriguing, several critical issues have to be 

addressed: (1) whether such artificial sensation can be achieved by using multichannel 

microstimulation, (2) whether microstimulation in this application is suitable for long-

term usage, and (3) how well microstimulation will integrate with already developed 

recording and decoding BMI technologies.   

1.4 Experimental overview 

To address the issues related to both sides of a bi-directional BMI we have first 

extended our laboratory’s BMI approach (Carmena et al. 2003; Lebedev and Nicolelis 

2006; Wessberg et al. 2000) to investigate whether cortical activity can be utilized to 

extract the kinematics of bipedally walking rhesus macaques. Although macaques are 

quadrupeds (Chatani 2003; Courtine et al. 2005), they can be trained to walk bipedally 

(Hirasaki et al. 2004; Matsuyama et al. 2004; Mori et al. 2004; Mori et al. 2001; Tachibana 

et al. 2003). In the present study, rhesus macaques walked bipedally on a treadmill while 

neuronal ensemble activity was recorded from the representation of the lower limbs in 

the primary motor (M1) and somatosensory (S1) cortices. We confirmed that a BMI 

using a series of independent linear decoders can accurately extract walking patterns 

from the activity of multiple cortical areas. As the locomotion task demands increased, 
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significantly more neurons were needed to achieve accurate extraction. Finally, we 

demonstrated that locomotor parameters can be extracted in real-time to control 

artificial actuators that reproduce walking patterns. 

We then explored the microstimulation issues by testing the capacity of owl 

monkeys to discriminate multichannel microstimulation of increasing complexity, the 

long-term efficacy of such microstimulation, and the integration of microstimulation 

with recording and BMI decoding techniques. Two owl monkeys were previously 

trained in a reaching task in which target location was cued by vibrotactile stimuli 

(Sandler et al. 2003). Skin vibration was replaced by microstimulation of the primary 

somatosensory cortex (S1) delivered through multiple electrodes. During these long-

term experiments, the owl monkeys’ performance and their capability to learn new 

behavioral contingencies steadily improved.  Further, by integrating recording hardware 

with microstimulation hardware and evaluating the effectiveness of several decoding 

models during periods of stimulation, we demonstrated the possibility of integrating 

stimulation and recording technologies in a successful BMI.
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2. Experimental Methods for Recording and 
Microstimulation 

2.1 Recording 

2.1.1 Brief history of neural recordings 

The use of electrodes to record and investigate the firing of neurons dates back 

more than eight decades to the work of Nobel Laureate Edgar Adrian.  Building on the 

work of his contemporary Keith Lucas, Adrian combined a Lipmann capillary 

electrometer with a three-valve amplification system to achieve durable, accurate, and 

responsive recordings of changes in potential resulting from firing neurons (Adrian 

1926).  It was not until 30 years later that these single electrode studies began to evolve 

into multielectrode recording. Several researchers in the 1950s investigated the firing of 

many neurons simultaneously by chronically implanting many single wires into the 

brain of a living animal.  John C. Lilly, later famous more for his investigations into 

human consciousness, implanted over 600 electrodes on the pial surface of a single 

rhesus macaque (Lilly 1958).  Felix Strumwasser implanted and recorded action 

potentials from 6 wire electrodes in the brains of squirrels for over a week (Strumwasser 

1958). In the 1960s, single unit recording techniques were further adapted to work in 

awake, behaving monkeys by Herber Jasper (Jasper, Lende, and Rasmussen 1960) and 

later Edward Evarts (Evarts 1966, 1968). 

While today’s state of the art in multielectrode recordings has been greatly 

augmented by advances in microelectronics, computing and data storage, the pedigree 
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of present techniques is still clear.  It is now feasible to record simultaneously from 

hundreds of neurons simultaneously (Nicolelis et al. 2003), both from a computational 

and cost standpoint.  Soon that number will be in the thousands.  The array of 

computational tools, mathematical and statistics methods for processing the neuronal 

data and extracting information about the operation, thoughts, and actions of the brain, 

has grown in leaps and bounds. (Nicolelis et al. 1998)  Real-time extraction of 

information in the brain from large neuronal ensembles is now widespread (Carmena et 

al. 2003; Nicolelis 2003; Schwartz et al. 2006; Taylor, Tillery, and Schwartz 2002).  But 

despite, these myriad advances, the heart of the technique would certainly be 

recognizable to the contemporaries of Strumwasser and Evarts.  Insulated metal wires 

with sharp tips inserted into the brain individually for a short time and soldered to 

external connectors have given way to insulated metal wires with sharp tips chronically 

implanted into the brain as a whole array, pre-made in a single package with the 

connector.  

There remain a number of important differences between the single electrode 

recording techniques and the multielectrode array recording techniques used currently.  

Single electrode recordings allow for more flexibility from session to experimental 

session, allowing the experimental to search and find cells of a specific desired type 

being investigated.  However, this severely limits the ability to study larger populations 

of neurons as at any given time, only a single neuron can be sampled.  Additionally, a 
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single neuron cannot be recorded with a single electrode technique for more than a few 

short hours. Only after many sessions, and often many months of recordings, can 

sample sizes be built up large enough to perform proper statistical analysis.  Further, the 

limitation of recording from one cell at a time prevents analysis that looks at correlations 

between the activity of multiple neurons exhibited during behavioral trials.  Researchers 

must average activity over many trials to estimate a single cell response. 

Chronic multielectrode recordings on the other hand allow for the simultaneous 

recording of many individual neurons.  This allows for the collection of large samples of 

data in short time periods, even in single experimental sessions. This opens the door for 

much more sophisticated analysis, like investigating the internal interactions of the 

complex neural network or real-time decoding of complex motor behaviors.   While the 

ability to target specific cells with multielectrode techniques is diminished, and the 

recorded neurons are randomly sampled from the targeted cortical area, this certainly 

has several advantages of its own.  The random sampling can give a better picture of the 

distribution of neurons in the implanted area, avoiding any biases that might be 

introduced into experimenter driven single-unit sampling.  Multielectrode recordings 

make possible the burgeoning field of BMIs and offer hope to millions of amputees and 

paralyzed patients. 
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2.1.2 Principles of Neural Recordings 

The successful operation of all extracellular, single-cell recording methods 

depends heavily on the exposed tip of the electrode being in close proximity to a firing 

neuron.  When the electrode tip is within approximately 100 microns of a neuron when 

an action potential occurs, it can register the minor changes in extracellular voltage due 

to the positively charged potassium and sodium ions flowing into and out of the firing 

neuron.  While these voltage changes are very small, on the order of 100s of microvolts, 

and they fall off in amplitude with the square of electrode to neuron distance, they can 

still be detected through the electrode, amplified and filtered with sensitive equipment, 

and thus gained up to a level that can be easily viewed and recorded.  The voltage trace 

that is recorded from an individual electrode is the summation of all the extracellular 

voltage changes from all the nearby firing neurons.  Larger numbers of distant neurons, 

while not producing large enough changes in potential to be discriminable, sum 

together to produce a background of neural noise.  Small numbers of nearby neurons 

can produce action potentials that stand out from the electrical background, i.e. have a 

high signal to noise ratio (SNR).  Careful selection of the properties of the recording 

setup, such as electrode material, diameter, coating, tip geometry, as well as electrical 

impedance of the recording hardware, leads to improvements in the SNR that can be 

achieved. This, in turn, allows for the recording of several neural units that can be 

separated from background noise on a single electrode.  Each of these neuron’s action 
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potentials has a characteristic recorded shape that is a combination of the shape, size, 

and type of the recorded neuron, as well as the geometry with respect to the electrode. 

Using a combination of threshold crossing, principle component analysis, and other 

computer based disambiguation techniques, firing patterns for each single-unit can be 

established.  The Plexon software (Plexon Inc., Texas, USA) used in these studies allows 

up to four neural units per electrode to be discriminated in real time. 

2.1.3 Experimental models 

The separation of our investigation into decoding bipedal locomotor kinematics 

and our investigation into using cortical microstimulation as a potential feedback 

channel allowed us to evaluate and select the proper animal models for each 

individually.  For the locomotion experiment, rhesus monkeys (Macaca mulatta) were 

selected, primarily for their ability to be trained to walk in an upright bipedal fashion 

resembling human locomotion (Hirasaki et al. 2004; Matsuyama et al. 2004; Mori et al. 

2001; Tachibana et al. 2003).  Further, their brains are structurally homologous to 

humans, especially in the targeted cortical areas of M1 and S1.  Their motor system has 

been extensively studied and our lab has well developed cortical implantation 

techniques for rhesus monkeys (Nicolelis et al. 2003).  In the locomotion decoding 

experiments described in Chapter 3, we used two adult female rhesus monkeys, which 

walked bipedally at various speed, both forward and backward on a custom treadmill. 
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For the microstimulation experiments, owl monkeys (Aotus trivirgatus) were 

used, having been previously implanted and trained on a task that allowed a quick 

transition to microstimulation cueing (Sandler et al. 2003). Their implants have proven 

to be very stable and allow for high quality recordings for periods of years, which 

allowed significant time to be allocated to learning the microstimulation paradigm, and 

allowed more long term analysis of the usage of microstimulation.  Owl monkeys have a 

much smoother neocortex compared to rhesus monkeys, which simplifies implantation. 

Their brain structure is both extensively mapped and sufficiently similar to human and 

rhesus monkey brains to confidently apply our findings to other animal models. In the 

microstimulation cueing experiments described in Chapter 4 and the microstimulation 

and recording integration experiments described in Chapter 5, we used two adult female 

owl monkeys, which performed guided reaching movements. 

2.1.4 Implantation surgery 

2.1.4.1 Rhesus Macaque 

During the implantation surgeries, each of the two adult female rhesus macaques 

was anesthetized and placed in a stereotaxic apparatus (Nicolelis et al. 2003). All surgical 

procedures conformed to the National Research Council’s Guide for the Care and Use of 

Laboratory Animals (1996) and were approved by the Institutional Animal Care and Use 

Committee. 
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A series of small craniotomies were made, both to grant access to the brain for 

the microwire arrays and for anchoring dental acrylic to the skull. In each animal, 

multiple microwire arrays were chronically implanted in several cortical areas (Figure 

1).  The implanted areas were chosen based on previous cortical mapping studies (Kim 

et al. 2003; Tanji and Wise 1981; Wise and Tanji 1981a; 1981b). 

Accordingly, multielectrode arrays were inserted medially in the cortex 

approximately 2 mm in front of the central sulcus to target M1 and 2 mm behind it to 

target S1 (Figure 1). The arrays were matched in size to the cortical representations of the 

hind limb. Rhesus Monkey 1 was implanted with 50 micron tungsten chronic microwire 

arrays in the leg representation of both the primary somatosensory (S1) and primary 

motor (M1) cortices. One 8 by 8 square array with electrodes spaced 1 mm apart 

(inserted 2.5 mm deep in the cortex) was implanted rostral to the central sulcus. A 6 by 6 

double-layered square array, using the same electrode spacing, was placed caudal to the 

central sulcus, 1.5 mm deep. In the double layer implant, the second layer of electrodes 

was 300-400 microns shallower than the first layer. Rhesus Monkey 2 was also 

implanted with chronic microwire arrays in the leg representation of both the primary 

somatosensory (S1) and primary motor (M1) cortices. In M1, two 3 by 6 double layer 

arrays were implanted, while in S1 a single double layer 3 by 6 array was implanted. In 

all implants one layer was 300 microns deeper than the other layer. All electrodes in 

Rhesus Monkey 2 were stainless steel microwires ranging in diameter from 40 to 60 
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Figure 1: Diagram of rhesus monkey cortical implants. A generic outline of 

cortical sulci (view from the top) is shown to illustrate the locations of the implants.  

Positive X coordinates correspond to rostral brain areas, while negative X coordinates 

correspond to caudal brain areas. (A) Implanted locations in Rhesus Monkey 1. Both 

hemispheres were implanted. Two 32-electrode arrays were implanted in the left M1, 

one 32-electrode array in the left S1 and one 64-electrode array in the right M1. (B) 

Implanted locations in Rhesus Monkey 2. The left hemisphere was implanted with 

two 64-electrode arrays, one placed in M1 and one in S1. (C-F) Configuration of the 

microelectrode arrays. The electrode shafts were arranged into 1-mm spaced grids. In 

multi-layered configurations, each shaft consisted of two (C, E) or four (D) microwires 

of different length. The difference in depth between the electrode layers was 0.3 mm. 
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microns. In both rhesus monkeys the placement of the electrodes was accomplished 

using stereotaxic coordinates and connectors for the arrays were embedded in a head 

cap made of dental acrylic. 

2.1.4.2 Aotus Trivirgatus 

Two adult female owl monkeys (Aotus trivirgatus) were previously implanted 

(Sandler et al. 2003) with microwire arrays in several cortical areas: primary 

somatosensory (S1), primary motor (M1), dorsal premotor, and posterior parietal 

cortices. These implants remained viable for electrophysiological recordings after more 

than four years (Figure 2). 

All surgical procedures conformed to the National Research Council’s Guide for 

the Care and Use of Laboratory Animals (1996) and were approved by the Institutional 

Animal Care and Use Committee. During the implantation surgery (Kralik et al. 2001), 

each of the two adult female owl monkeys (Aotus trivirgatus) weighing 800-850 g was 

anesthetized using 1.5-2.0% isoflourene and placed in a stereotaxic apparatus. A series of 

small craniotomies was made, both to grant access to the brain for the microwire arrays 

and for anchoring the dental acrylic to the skull. In each animal, multiple microwire 

arrays were chronically implanted in several cortical areas. The cortical areas implanted 

were primary somatosensory (S1), primary motor (M1), dorsal premotor (PMd), and 

posterior parietal (PP) cortices. Either 2 by 8 or 4 by 8 arrays of 50-μm Teflon coated 

steel, spaced 300 μm apart were used.  Only the array placed in S1 was used for  



 

18 

 

 

 

 

 

 

 

Figure 2: Longevity of cortical implants in owl monkeys. Plot of the number of 

discriminated neural units over a period of years in both owl monkey subjects. Single 

neural units (blue traces), multi-units (red traces) and total units (green traces) are 

shown. 
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stimulation, while the other arrays were used for both stimulation and recording. 

(Figure 3) The placement of the electrodes was accomplished using stereotaxic 

coordinates. Connectors for the arrays were embedded in a head cap made of dental 

acrylic. 

2.1.5 Electrophysiological recordings 

2.1.5.1 Rhesus Macaque 

Upon recovery from the surgical procedure, the receptive fields of individual S1 

neurons and multi-unit activity were briefly examined in the awake rhesus monkeys by 

lightly touching and palpating their hind limbs. This examination confirmed that in both 

rhesus monkeys the implanted S1 sites represented the thigh, calf and the foot. No clear 

somatosensory responses were identified for the M1 implants. In Rhesus Monkey 2, we 

briefly tested motor responses to cortical microstimulation under ketamine anesthesia. 

The microstimulation of M1 evoked hind limb movements due to proximal muscle 

contraction in agreement with Hatanaka et al. (Hatanaka et al. 2001) and Tanji and Wise 

(Tanji and Wise 1981).  Similar movements were evoked by S1 microstimulation at 

higher current amplitudes. 

A total of 200-300 well sorted single units were recorded from implants in both 

rhesus monkeys per experimental session. After the monkeys were placed in the 

treadmill-mounted restraint, head stage amplifiers were attached to the omnetics head-

cap connectors. A flexible wire harness, in turn, connected the headstages to a 128 
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Figure 3: Owl monkey implantation sites and stimulation electrode 

arrangement. In each owl monkey, implanted electrodes consisted of three 2 by 8 

electrode arrays placed in dorsal premotor (PMd), primary motor (M1), and primary 

somatosensory (S1) cortices, as well as a fourth 4 by 8 array placed in posterior 

parietal (PP) cortex. Only the S1 array (red) was used for microstimulation. Electrodes 

were 50 μm Teflon coated steel, spaced 300 μm apart. (A) In the basic, reversal, and 

temporal tasks, biphasic stimulation pulses were delivered to successive electrodes in 

the array implanted in S1 with a common global ground. To deliver instructions to 

the brain, two in the temporal discrimination task or three in the basic and reversal 

tasks electrodes were simultaneously stimulated. (B) In the spatiotemporal task, four 

different electrode-ground pairs were stimulated sequentially. 
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channel Multichannel Acquisition Processor, or MAP, (Plexon, Inc., Texas, USA) 

recording system.  Neuronal units were sorted in real-time using the templates defined 

in MAP software. The ratio of the amplitude of each sorted unit to the amplitude of 

electrical noise was, on average 3.34 ± 1.66 (mean ± standard error).  The quality of 

online sorted single units was further examined by analyzing the refractory period, 

estimated from the interspike intervals (ISIs).  For each unit to be qualified as single unit, 

in addition to having a distinct shape and amplitude (Kim et al. 2003), it had to exhibit a 

refractory period greater than 1.6 ms (Hatsopoulos, Joshi, and O'Leary 2004). Using 

these criteria, 66.0% of the recorded units were single units, and 34.0% were classified as 

multiunit neuronal activity. Overall, extraction of locomotion patterns from single units 

versus multiunits yielded similar results. 

The MAP system was used for receptive field testing and for obtaining neuronal 

recordings during walking sessions. EMG signals were recorded from Rhesus Monkey 1 

using surface electrodes which were placed on the shaved skin surface, overlying the 

soleus, rectus femoris, and tibialis anterior muscles of both legs (Gold disc electrodes, 

Grass Instrument Co). These EMGs were amplified up 10,000 times, band-pass filtered 

between 100 Hz and 1 kHz, rectified, and recorded using the MAP recording system to 

ensure consistent timing. 
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2.1.5.2 Aotus Trivirgatus 

Prior to any microstimulation, receptive fields of S1 neurons were mapped in the 

awake owl monkeys to aid in targeting cells that would normally respond to vibration of 

the hand and arm, as the owl monkeys were previously overtrained on a vibration cue 

task.  The electrodes chosen had their tips near neurons with receptive fields located in 

the skin of the owl monkeys’ hands.  Owl Monkey 1’s stimulation sites were a mixture 

of two areas with clear responses to tactile stimulation of the central palm of the right 

hand, and two areas with responses to tactile stimulation of the glabrous skin of the 

index and middle fingers of the right hand.  Owl Monkey 2’s stimulation sites were 

active following tactile stimulation of the right hand as well, but the region of the 

receptive fields was larger and less well defined. 

Experimental sessions consisted first of placing the owl monkeys in a custom, 

clear acrylic enclosure that held the owl monkeys comfortably in a seated position, with 

the head and arms protruding and allowed to move.  Each of the four implants had 

Omnetics connectors embedded in the acrylic headcap that were connected to either 

headstage amplifiers for recording (M1, PMD, PP) or a custom microstimulation adapter 

(S1).  The headstage amplifiers were then connected to a preamplifier via a flexible wire 

harness with its weight supported to minimize head movement restriction and fatigue.  

The preamplifier’s output was passed into a Multichannel Acquisition Processor, or 

MAP, (Plexon, Inc., Texas, USA) recording system capable of recording neural activity 
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on 96-channels simultaneously.  The custom microstimulation adapter was connected 

via another flexible, supported wire harness directly to a custom 4-channel 

microstimulator described below.  

Neural recordings in the second series of microstimulation experiments were 

sorted into up to 4 individual units per channel using templates developed by hand 

using algorithmically assisted tools in the Plexon recording software.  Single neural 

units were sorted in both Owl Monkey 1 (42 neurons) and Owl Monkey 2 (45 neurons).  

Neural recordings were incredibly stable over the course of experimentation, as has been 

previously reported in our experiments with owl monkeys (Sandler 2005). The owl 

monkeys had been implanted for 3 and 5 years at the time of experimentation and there 

were no changes in the neural templates needed to sort the single neural units over the 

course of the recording experiment. 

The microstimulator, in addition to producing the stimulation pattern, also 

outputted a digital pulse signal which was fed into a digital input of the Plexon 

recording system, allowing both the approximate timing of the stimulus pattern, as well 

as its type (EP1 to EP4 wave or a EP4 to EP1 wave) to be saved in the neural recording 

record with the same timestamp.  Due to the design of the stimulation hardware, which 

uses a circular buffer to store current pulse instructions to ensure proper 

microstimulation timing, there was a slight, variable delay averaging 8 ms between the 

digital pulse being sent to Plexon and the production of a microstimulation current 
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pulse.  To compensate for this, in post-processing the digital pulse record was adjusted 

to perfectly align with the stimulus artifacts, which are detected and recorded on an 

unused neural recording channel. 

2.1.6 Analysis of electrophysiological recordings 

2.1.6.1 Peri-event stimulus histograms 

Neural recordings in the owl monkey setup, sorted into single units, were first 

time aligned to either the start of a trial, to individual current pulses of 

microstimulation, or the onset of motor activity.  The start of a trial was defined here as 

the time point at which the stimulus pattern began.  A record of individual pulse timing 

was present in the neural recording file using a combination of microstimulator produce 

digital pulses and the recorded stimulus artifacts.  The onset of motor activity was 

estimated from the video record and then more precisely timed from the onset of 

characteristic motor burst activity in specific motor neurons.  For macro analysis of 

stimulation responses, peri-event stimulus histograms (PETHs) were built.  Neural 

activity of single units was binned into 50 ms bins over the range of time from 2 sec 

before the start of each trial to 7 sec after the start of the trial. This binned activity was 

averaged across several trials to observe the overall behavior of the cells during the 

microstimulation cue discrimination, decision, and motor stages of the trials.  Neural 

responses to the overall stimulus were classified as either excitation, depression, 

combination, or no significant response. 
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Additionally, a finer analysis of the response to individual pulses was carried out 

for each single unit in both owl monkeys, also using PETHs.  Neural activity was binned 

into 100 μsec bins in the range from 1 msec before the stimulus pulse to 11 msec after the 

pulse.  Due to the small bin size and the relatively low firing rate of many recorded units 

(<10Hz), responses were averaged across several experimental sessions.  This analysis 

also allowed the precise calculation of the timing of the artifactual blanking, that is, how 

long after each pulse were all recordings lost for. 

For comparisons of responses to baseline activity it was necessary to account for 

the effects of recording blanking, that is, the short period of time following each 

stimulus pulse where all recording hardware was saturated and no neural activity could 

be detected or recorded.  This was accomplished by using sections of neural activity 

recorded when the owl monkeys were not performing a task.  Using the timing of a 

standard stimulation pattern, activity that would have fallen into a blanking period was 

manually removed from the recording.  In this way, a more accurate baseline activity 

was calculated for the neurons. 

A fast Fourier transform was performed on the recorded neural activity during 

task execution to determine the relative power of the neural activity over a range of 

frequencies from 1 to 150 Hz.  This range included the two distinct frequencies in the 

stimulus pattern, its 100 Hz primary frequency and its 4 Hz burst frequency.  The same 

analysis was performed on the artificially blanking baseline activity for comparison. 
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2.1.6.2 Wiener Filter 

In the rhesus monkey locomotor task, all the leg kinematic parameters extracted 

were reconstructed from neuronal ensemble activity using the linear decoding algorithm 

called the Wiener filter (Carmena et al. 2003; Carmena et al. 2005; Haykin 2002; 

Wessberg et al. 2000). The Wiener filter represented each decoded parameter as a 

weighted sum of neuronal rates measured before the time of decoding.  
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where )(tX  is the value of the decoded parameter (for example, X-coordinate of the 

ankle marker) at time t, in
is the firing rate of neuron i, N is the total number of neurons, 

τ)1( −j  is tap delay for tap j, ijw
is the weight for neuron i and tap j, b is the y-intercept, 

and )(tε is the residual error. For extracting marker coordinates, joint angles, and foot 

contact with the treadmill the tap length parameter τ  was set to 50 ms, and the number 

of taps (time bins of neuronal data) was set to 10, that is neuronal rates were sampled in 

a 500 ms window preceding the time of decoding. For extracting slower modulated 

characteristics such as walking speed and step length, a 5 s sample window was used 

composed of ten 500 ms taps.  

Prediction of leg kinematics was performed using multiple Wiener filters applied 

to the activity of the entire population of the recorded neurons or subpopulations 

recorded in separate cortical areas. Thus, the activity of simultaneously recorded cortical 
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neural ensembles allowed us to simultaneously extract a variety of motor parameters: 

position of hip, knee, and ankle; hip and knee angles; as well as foot contact, direction of 

walking, and periods of standing still. We used multiple linear models (Wiener filters) 

(Carmena et al. 2003; Carmena et al. 2005; Haykin 2002; Wessberg et al. 2000) to describe 

the relationship between these parameters and neuronal ensemble activity. To calculate 

model weights, first equation 1 was converted to matrix form as: 

εNWX +=        (2) 

where X is the matrix of actual parameters, N is the matrix of neuronal rates, W is the 

weights of the model, ε is the error. Each row of N corresponds to a specific time and 

each column is a vector of data for a particular neuron and time lag.  Since our models 

took into account ten lags, matrix N had ten columns for every neuron.  The y-intercept 

was calculated from a column of ones prepended to matrix N.  We then solved for 

matrix W by the following: 

    ( ) XNNNW
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Each Wiener filter was first trained (i.e., the values of weights W were calculated) 

and then used as the decoder for new data. Accordingly, each experimental record (10-

15 minutes) was split in two halves: the training data and the predicting data. The model 

was trained on the first half of the experimental data and predictions were obtained 

using the second half. Decoding was also conducted for the reverse arrangement: 

training the models on the second half and using it to predict the first half. In addition to 
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these offline analyses conducted for 80 experimental records (66 with Rhesus Monkey 1, 

14 with Rhesus Monkey 2), real-time extraction was performed in 22 experimental 

sessions with Rhesus Monkey 1. For real-time extraction, the neuronal and kinematic 

data were first recorded for 5 min while multiple Wiener filters were trained, and then 

online extraction of walking parameters was performed for 5-10 min. 

2.1.6.3 General and Switching model 

To test whether models trained to accurately predict rhesus monkey locomotor 

parameters for a specific behavioral paradigm would retain general kinematic prediction 

accuracy during alternative behaviors (i.e. be able to generalize to new paradigms), we 

trained models for one direction of movement (e.g. forward walking) and tested them in 

the other (e.g. backward walking).  This allowed us to ask whether a model that is 

trained to predict leg kinematics while the rhesus monkey walks forward would retain 

prediction accuracy when applied to sessions of backward walking and vice versa. Next, 

we investigated whether our models would benefit from training on a variety of 

behavioral data, in this case both forward and backward walking. To address these 

questions, a series of linear models were trained on selected behavioral epochs. The 

models were trained on: (1) only forward walking, (2) only backward walking, and (3) 

an equal mixture of the two walking paradigms. Each model was trained on an equal 

length of time to avoid any performance biases and then tested on its ability to 

accurately predict walking forward or walking backward separately. 
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The switching mode was used to handle the conditions in which the rhesus 

monkey's locomotion consisted of two different paradigms: alternating periods of 

walking forward or walking backwards.  Separate submodels were trained to decode 

each of these walking paradigms, and the paradigm predictor model served to detect the 

walking paradigm and select the appropriate submodel. The brief periods during 

treadmill mode switching when the monkey was standing still were classified as 

forward walking rather than introducing a third behavioral category. In our 

implementation, the switching model was a combination of three linear decoding 

models: a model for predicting forward walking, a model for predicting backwards 

walking and the paradigm predictor model (the switch). These models were arranged in 

a two layer structure (Figure 4) with the paradigm predictor model controlling a toggle 

between the two kinematic submodels which were then shunted to the final output of 

the switching model.  Thus, when it was determined that the rhesus monkey was 

walking forward, one submodel was used to produce the output, and when backwards 

walking was detected, the other submodel was used.  

To avoid any bias in our comparisons between the generalized and switching 

model, they were both trained on the same amount of data. This means that while the 

single generalized model was trained over the full training window, each of the sub-

models of the switching model were only trained on the portions of the data when the 

rhesus monkey's behavior fell in the relevant behavioral paradigm. Only the classifier  
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Figure 4: Switching model block diagram. This shows the differences between 

the ‘switching’ model  and a generalized training model. Instead of using the same 

neuronal weights for all walking paradigms, the switching model uses two separate 

kinematic sub-models running in parallel. Each model is optimized for a separate 

walking paradigm: forward and backward walking. A state predictive model 

determines walking mode and selects which of the two kinematic sub-models 

becomes the final output. 
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portion of the switching model was trained on the full training window. This way, a true 

comparison of performance was achieved, and we could test whether the disadvantages 

of training the kinematic model on less total data were overcome by the advantages in 

prediction accuracy that come from behavioral segregation. 

2.1.6.4 Linear discriminant analysis 

In the owl monkey stimulation and recording experiment, a number of 

predictive models were built to predict three variables: reach choice, true food location, 

and stimulus type. True food location and reach choice were often aligned due to the 

owl monkeys’ high performance on the task.  Food location, and by extension reach 

choice, were dissociated from any correlation to stimulus type in these analyses by 

including an equal proportion of trials using both stimulus rule types in all training sets.  

As the variables being predicted were discrete (stimulus type 1 or stimulus type 2, left or 

right), we used a classification algorithm based on linear discriminant analysis (LDA).  

By binning data into 100 msec bins from all neurons separately and treating the firing 

rate in each bin as a single observation, a set of observations is built for each time point 

to be fed into either training the model or predicting.  Each observation has a model 

coefficient which is multiplied and summed to determine if the result is above or below 

a simple threshold.  Depending on the outcome of the thresholding, the LDA classifier 

predicts one of the two possible outcomes. That is: 

cxw <⋅
rr

       (4) 
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where x
r

 is a series of observations (binned neural activity), w
r

 is the vector of weights 

made up of all previous observations, c is a constant, and the outcome (true or false) of 

the statement selects the class of the prediction. 

The LDA models were built using three methods.  The first model made its 

predictions with no knowledge of the timing structure of the trials.  It used the 

information in the preceding five bins, each 100 msec, to generate its predictions.  All 

time points in the trials were used to train the model and the model could be applied to 

predict at any time point during the trial.  The second type of model used timing 

information about the trial and had a different set of model weights and parameters at 

every time point over the course of the trial.  Again, for training and predictive 

purposes, this model only used the neural data in five 100 msec bins prior to the 

prediction time.  The third model type also used timing information about individual 

trials, but took into account every 100 msec bin from the start of the trial to the time at 

which the prediction occurred.  For example, 4 seconds into the trial, at the end of the 

stimulation period, this model was using observations of firing rate from the last 40 bins 

(all 4 seconds) of neural activity. 

2.1.6.5 Model performance metrics 

The signal to noise ratio (SNR) used in signal processing is a ratio between the 

power of the signal and the power of the noise, that is, the ratio of the squared 

amplitude of the signal and the squared amplitude of the noise. For our purposes, the 
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signal was defined as the actual variable that we predicted. We calculated the variance, 

or power, of the signal by subtracting out the mean of the signal, then squaring and 

averaging the amplitude above or below that mean. The noise was the difference, or 

error, between the extracted and the actual signal. The error was calculated by 

subtracting the actual parameter from the extracted parameter, squaring the differences, 

then averaging to get the mean squared error, or the power of the noise. The ratio 

between these two was the signal to noise ratio (or the signal to error ratio). We then 

converted the ratio into a decibel (dB) scale:  
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where X is the actual parameter, X̂ is the prediction of that parameter, Var is variance, 

and MSE is mean squared error. Theoretically, SNR can change from minus infinity 

(extremely poor predictions) to infinity (extremely good predictions). A SNR of 0 meant 

the signal and noise were in equal proportion in our predicted output. A SNR > 0 meant 

we were extracting more signal than noise, and an SNR < 0 meant there was more noise 

than signal, but the signal was still present for negative SNRs close to 0.  SNRs equal to 

10, 20, and 30 correspond to the ratio between the variances of 10, 100 and 1000, 

respectively 

Additionally, Pearson’s correlation coefficient, R, between the known signal and 

the predicted output was calculated: 
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where X is the actual parameter, X̂ is the prediction of that parameter, cov is covariance, 

and Xσ and 
X̂

σ   are the standard deviation of X and X̂  respectively. R can change in 

the range -1 to 1, with 1 corresponding to the highest possible correspondence between 

the actual and extracted values, and 0 corresponding to the absence of correspondence. 

Negative values of R, corresponding to an inverse relationship between the actual and 

extracted characteristics, occasionally occur when the extraction is poor, and R fluctuates 

around zero.   

SNR proved to be a somewhat more sensitive measure compared to R in these 

analyses. This was because R describes the correspondence of signal waveforms, but is 

insensitive to amplitude scaling and offsets. SNR is sensitive to errors introduced by 

these factors, which is important for the purposes of efficient BMIs that require that the 

output of the model matches the true signal in all aspects. Additionally, R often 

saturates quickly for large ensemble sizes, whereas SNR better tracks the dependency of 

model performance on the ensemble size. A metric similar to SNR, called signal to error 

ratio (SER) was used in previous studies in which behavioral parameters were extracted 

from neuronal data (Kim et al. 2006; Sanchez et al. 2002). 
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2.1.6.6 Neuron dropping analysis 

Neuron dropping analysis is a conventional way to characterize the prediction 

performance of neuronal ensembles of different size (Carmena et al. 2003; Carmena et al. 

2005; Lebedev, O'Doherty, and Nicolelis 2008; Wessberg et al. 2000).  In this analysis, a 

number of decoding models were trained on random subsets of sorted neurons, ranging 

in size from a single neuron to the entire bank of sorted neurons. To characterize the 

performance of these decoding models, we calculated neuron dropping curves which 

described decoding accuracy as a function of neuronal sample size (Wessberg et al. 

2000). The dropping curves were calculated by pooling randomly selected subsets of 

neurons and running the decoding model only for them. At each population subset size, 

five random subsets of neurons were generated and used to train separate predictive 

models.  The predictive strength (SNR) of these models was calculated and plotted as 

scatter plots. These scatter plots were then fitted using a power curve with simple linear 

decay: 

( ) xmxxyyy decay

p

offsetamplitudeoffset +−+=    (7) 

where x is neuronal subset size and y is SNR.  Five parameters were fitted to generate 

the curves: yoffset translated the entire curve up or down, xoffset translated left or right, 

yamplitude defined the height of the fitted curve, p was the power of the curve and 

described the rate of the climb in SNR with increases in neuronal subset size, and mdecay 

described the slope of the linear decay. 
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For our analysis examining predictions of several variables simultaneously from 

the same neuronal population, we used a modified version of the neuron dropping 

analysis. Random subpopulations of the neuronal ensemble were selected and used to 

train models for a random combination of parameters simultaneously. Simultaneous 

prediction accuracies were calculated to be the minimum SNR level reached by all the 

predicted variables at each neuronal ensemble size. The overall simultaneous prediction 

dropping curves were then fitted by power curves (equation 7). The curves were 

normalized and averaged across all combinations of kinematic variables.  The final 

curves were thresholded at several levels of prediction accuracy (.75, .85 and .95) to 

determine the minimum number of neurons needed to predict each number of variables 

simultaneously with the given level of accuracy.  Essentially, we calculated the expected 

number of neurons that would be required to predict, to a high accuracy threshold, any 

number of kinematic variables simultaneously in our experimental setup. 

2.1.6.7 Real-time system 

We also developed a real-time BMI software suite capable of running all aspects 

of our experimental setups, including visual display, behavioral and multi-electrode 

neural recordings, model calculation and real-time predictions of kinematic and 

dynamic parameters.  Written in Microsoft Visual C++, this BMI software suite can input 

behavioral data, multi-channel extracellular single and multi-unit recordings, 

electromyograms (EMGs), and local field potentials (LFPs).  
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Using a graphical user interface (GUI), models were trained to generate real-time 

predicted kinematics or EMGs from neural data (Figure 5). While our software suite 

currently implements the Wiener Filter, the Kalman Filter with optional Principle 

Components Analysis (PCA) dimensionality reduction, the n-th order Kalman Filter, 

and the n-th order Unscented Kalman Filter, in the real-time experiments described in 

the locomotion study we have used only the Wiener Filter option for extracting 

kinematic, dynamic, and EMG data.  

The outputs of multiple real-time predictive models were displayed on a 

computer screen and simultaneously streamed over the network using a User Datagram 

Protocol (UDP). 

2.2 Microstimulation 

2.2.1 Brief history of cortical microstimulation 

From early arguments between Galvani and Volta in the late 1700s, to later 

experiments by Helmholtz in the mid-1800s, the scientific examination of the electrical 

excitability of biological tissues has a rich history (Galvani 1791; Helmholtz 1842; Hess 

1994; Volta 1800), particularly regarding the use of electrical stimulation to induce 

focused cortical activation, which enabled the discovery of motor maps in different 

locations of the cortex. This tradition started in the late nineteenth century when 

German physiologists Fritsch and Hitzig used electrical stimulation in animals to 

generate crude motor cortex maps, demonstrating contralateral activation of muscles for  
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Figure 5: Diagram outlining the operation of the real-time BMI.  Real-time 

recordings of kinematic parameters and neural activity are filtered, binned and 

combined to train a series of Wiener models. Once the training is complete, the 

binned neural activity is sent into the models and kinematic output is generated. This 

kinematic output is used to drive robotic actuators. Feedback is sent back to the 

rhesus monkey using a visual display, or potentially, microstimulation pulses. 
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the first time (Fritsch and Hitzig 1870). Sir Charles Sherrington, one of the founders of 

modern neuroscience, later used more focused stimulation to form early maps of ape 

motor cortex (Brown and Sherrington 1911). In the 1930s, Wilder Penfield, one of 

Sherrington's students, extended this work to human motor cortex, as he showed the 

existence of a cortical map of the body in the motor cortex (Penfield and Boldrey 1937). 

His rigorous examination demonstrated that the size of a body part’s cortical 

representation is proportional to the fine nature of that body part’s movements. 

Penfield’s work helped popularize the technique of electrical stimulation as a useful tool 

for extending understanding of the brain (Penfield and Rasmussen 1950).  

During the 1960s, Robert Doty performed a series of experiments that explored 

cortical stimulation of awake, behaving animals in a behavioral context. By stimulating a 

variety of cortical areas, Doty was able to operantly condition animals, using the 

microstimulation pulses as the conditioned stimulus, to perform limb flexion 

movements. This extraordinary body of work provided one of the earliest 

demonstrations that microstimulation might be used to inject information into the brain. 

(Doty 1965, 1969; Doty, Larsen, and Ruthledge 1956) 

In the early 1990s, Newsome and colleagues at Stanford University demonstrated 

some of the earliest examples of perceptual biasing using cortical microstimulation. 

Working with directionally selective neurons in visual area MT, the researchers used 

microstimulation to modify neuronal firing rates, thus biasing psychophysical 
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performance on a motion direction discrimination task. This not only exhibited a direct 

link between physiological properties and perception, but proved the usefulness of 

microstimulation current pulses as a means to affect perceptual judgments. (Murasugi, 

Salzman, and Newsome 1993; Salzman, Britten, and Newsome 1990; Salzman et al. 1992) 

More recently, Ranulfo Romo and his colleagues successfully demonstrated that 

cortical microstimulation in monkeys could mimic the sensory perception of flutter in 

these animals. Using rhesus macaques, they examined neurons in area 3b of primary 

somatosensory cortex that were presumed to be associated with Meissner’s corpuscles— 

neurons with responses that vary with tactile flutter frequency. After inserting 

microelectrodes near such neurons, a train of current pulses was delivered to the cortical 

tissue, and effectively substituting for the peripheral tactile stimulation the animal was 

trained to recognize. The monkeys then performed a frequency comparison task 

between peripheral and cortical stimulation. Performance on frequency comparisons 

between artificial (microstimulation) and natural (peripheral vibration) stimuli were 

indistinguishable from comparisons between 2 natural stimuli. Not only did this study 

help identify the specific nature of some of the cortical circuits in area 3b of the primary 

somatosensory cortex, but it served as a proof of concept for the idea that peripherally 

provided tactile information could be mimicked through direct cortical stimulation. (de 

Lafuente and Romo 2005; Romo et al. 2000; Romo et al. 1998) 
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Recently, Graziano and colleagues used cortical microstimulation to augment 

our understanding of the organization of motor and premotor cortices by repeating 

classical mapping studies with a minor, yet ultimately important alteration. Rather than 

using the short durations (~50ms) used in previous stimulation studies, the researchers 

used longer durations (~500 ms), more in line with the actual duration of a typical 

monkey reach motion. These researchers observed that longer stimulations produced 

complex motions and postures as opposed to the simple twitching elicited by short 

stimulations. The movements observed varied from stimulated area to area, and often 

the response coordinated disparate areas of the body, i.e. arms and mouth. In each of 

these stimulated movements, the initial position of the related body parts had no effect 

on the position moved to when stimulated, that is to say that stimulation was associated 

with a specific position rather than direction. Their results show that these motor areas 

do not only have a sort of homunculus type mapping, but rather have elements of a 

body centered spatial map. (Graziano, Taylor, and Moore 2002) 

Also in 2002, John Chapin and his fellow researchers at SUNY Downstate 

successfully trained rats to navigate through a complex, three-dimensional terrain, 

following control cues delivered by cortical microstimulation. Microelectrodes were 

implanted in somatosensory cortical whisker representation areas to deliver left/right 

directional cues and electrodes implanted in the medial forebrain bundle were used to 

deliver rewarding stimuli. Furthermore, the rewarding stimuli had the effect of urging 
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the animal on, acting as a functional ‘forward’ cue. In this way, the researchers were able 

to guide the rats’ movements to overcome a myriad of obstacles that would not typically 

be explored by rats. By using cortical microstimulation for a sequence of cues and 

rewards, Chapin and his colleagues have hinted at the potential bandwidth of 

microstimulation based information delivery. (Talwar et al. 2002) 

Although it is often difficult to prove that animals experience perceptions during 

microstimulation, microstimulation-induced perceptions have been demonstrated in 

humans (Brindley and Lewin 1968; Davis et al. 1998; Dobelle et al. 1976; Kiss et al. 2003; 

Ohara, Weiss, and Lenz 2004; Penfield and Perot 1963).  Findings like these helped lay 

the groundwork for feedback in the field of neural prosthetics. Future neuroprosthetics 

will not only need to decode and process the neural code, but also provide the 

somatosensory and proprioceptive inputs back into the system that our biological limbs 

naturally produce.  

2.2.2 Principles of cortical microstimulation 

The means by which neurons can be stimulated is heavily reliant on the same 

component of the cell that allows action potentials to propagate along the length of an 

axon: the cell membrane. In typical physiological conditions, voltage-gated sodium 

channels in the membrane initiate and sustain the action potential as it propagates by 

allowing an influx of positive ions when triggered by an incoming pulse in voltage. 

During extracellular electrical stimulation, current pulses are delivered via electrodes 
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placed near the tissue of interest. The injected current can depolarize (or hyperpolarize) 

the membrane, opening (or closing) voltage-gated ion channels, thus rendering the cell 

more (or less) excitable.  

When electrodes are used for stimulation in the cortex, typically the number of 

neurons excited is large, as affecting a single neuron is often not enough for a behavioral 

response. Ideally we would like to know the precise nature of what cells are activated by 

a given stimulus, however, there are a number of spatial effects which prevent a 

complete understand of stimulus effects. First and foremost, the brain is neither an 

isotropic nor a homogenous medium. The resistance of the brain to the spread of current 

depends on several factors including temperature and the material properties of the 

tissue in that region (gray matter, white matter, CSF, etc.).Furthermore, the local 

characteristics of the tissue being stimulated also have significant effects. For instance, 

axon diameter, whether or not the axon is myelinated, axon orientation with respect to 

the electrodes, and whether the soma or axon is closest to the site of stimulation all affect 

the excitability of a given neuron. However, with increasing stimulation strength, many 

of these effects are averaged-out and the area of stimulation approximates a sphere in 

most cortical regions.  

Typically, stimulation is accomplished using microelectrodes of various 

materials including stainless steel, platinum, platinum-iridium, and tungsten. Electrodes 

can be coated with a variety of compounds which serve not only to insulate, but also to 
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increase biological compatibility. It is important, especially in the case of chronic 

electrode implantation, that the brain’s injury and immune responses to the electrodes 

are minimized. A strong injury response can lead to encapsulation, and furthermore to a 

loss in the electrodes effectiveness for both measurement and stimulation.  

Ideally, the interface between the uninsulated metal tips of these microelectrodes 

and the tissue of the brain they are placed in approximates a Helmholtz double layer 

capacitor, drawing excess charge in the electrolytic medium to the surface of a layer of 

water along the electrode. Typically, stimulation electrodes are used in pairs, producing 

changes in extracellular voltage as current on the order of 10-100 microamperes is 

passed between them through the brain. There are two primary types of stimulators in-

use for cortical microstimulation: constant-current stimulators and constant-voltage 

stimulators. Given that stimulation occurs at each neuron as a reaction to changes in 

extracellular voltage it might seem that constant-voltage stimulators should be better 

suited, however the aforementioned capacitive relationship of the electrode-tissue 

interaction means that extracellular voltage is actually a function of the electrode 

current. If a constant-voltage stimulator is used, the fluctuations in resistance due to 

local variations in brain composition can have large effects on the actual current which 

passes through the electrodes, making the true nature of the stimulation hard to predict.  

The stimulus waveform used in stimulation is also an important consideration. 

For extracellular stimulation, a quick (10s to 100s of microseconds) rectangular cathodic 
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(negative) current pulse is considered most effective at eliciting neuronal action 

potentials since it quickly depolarizes cells to threshold before any significant channel 

inactivation can occur, thus minimizing the necessary charge injection. However, 

monophasic stimulation pulses, when repeated, can result in charge buildup at the 

electrode/tissue interface, leading to electrode corrosion, tissue damage and eventually 

lesions. As a result, most stimulators operate in a charge-balanced biphasic stimulation 

mode, where a square cathodic pulse is followed by an equal sized anodic pulse. 

Although the second pulse can actually impair the ability of the stimulation to cause 

excitation, the prevention of damage to the electrode and surrounding tissue is a 

necessary step for most sorts of stimulation.  

2.2.3 Stimulation hardware 

Initially, microstimulation was delivered to S1 through pairs of Iso-Flex stimulus 

isolators operating in constant current mode, with one isolator per pair producing the 

anodic current pulse and the other producing the cathodic current pulse. Triggering 

pulses were delivered to the isolators via the A.M.P.I. Master-8 programmable 

stimulator. The isolators were interfaced with the connectors mounted in the head caps 

via custom cabling. Later, this microstimulation hardware was replaced with a custom 

built, four-channel, constant-current, biphasic, bipolar microstimulator controlled by 

custom software.  The output voltage of each channel was supplied by two cascaded 1W 

miniature isolated switching power supplies; these, in series, generated voltages up to 
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90V.  This voltage was switched to the two bipolar electrodes through an optically 

isolated h-bridge in series with a simple current control circuit.  The latter consisted of 

an optically isolated digital to analog converter (DAC), a current sense resistor, an op-

amp, and MOSFET transistor in a feedback topology where the regulated current was 

set by the DAC output. Input to the DAC, like the h-bridge, was optically isolated; to 

conserve digital lines, the anodic and cathodic enable lines were switched via a global 

signal to control serial input to the 12 bit DAC register.  The digital control lines for 

enabling the anodic and cathodic legs of the h-bridge were controlled directly by a 

National Instruments PCI-6533 card. 

This stimulator was run continuously at a sampling rate of 100 kHz via card-

initiated direct memory access (DMA) through customized Linux device drivers.  The 

DMA buffer was, in turn, serviced by a C++ program with, effectively, up to four nested 

periods and duty cycles.  These parameters were controlled via a Python script. The 

script permitted the user to control the stimulator from the web or programmatically via 

http GET commands.  The Python script supported arbitrary loadable presets, which 

were stored in a MySQL database on the same Linux computer. 

2.2.4 Stimulation patterns 

Stimulation parameters were similar to those previously used in S1 

microstimulation in rhesus monkeys (Romo et al. 2000; Romo et al. 1998). These 

parameters were first tested by stimulating the motor cortex of the owl monkeys. We 
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started with very low amplitude stimulation via electrodes in motor cortex, gradually 

raising the amplitude and frequency until a motor response was detected. Based on 

these estimations, we chose an initial stimulating current amplitude of 100-150 μA, pulse 

duration of 0.1 ms, with an interpulse interval of 0.05 to 0.1 ms to avoid any interaction 

between the pulses due to imperfect stimulus decays of the two pulses making up the 

biphasic, and a rate of pulse trains of 100 Hz (Figure 6).  The pulse duration used in 

these studies was the result of our empirical exploration to find the shortest pulse 

duration that worked, thus helping to avoid long-term tissue damage. Additionally, 

there were two issues which prevent the delivered current pulses from being ideal 

square pulses, both of which we compensated for. First, the components of the 

stimulation circuit (electrodes and custom wiring harness) added a capacitive load to the 

stimulator. Second, the optical components used the stimulation hardware had limited 

switching speed. In our setup, the switching limitations had a slightly larger effect than 

the capacitive terms, and the combination of these two created approximately 

exponential ramps which reached 90% of their maximum in ~30 μs. To compensate for 

the decrease of the delivered charge that resulted from these ramps, the duration of the 

command pulse was lengthened, making the net charge delivered equal to that which 

would have been delivered by a perfect rectangular pulse. The injected charge which 

induces an electric field is the parameter most related to the efficacy of stimulation.  

Since charge is a product of pulse width (or duration) and amplitude, both of these 
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Figure 6: Owl monkey microstimulation waveform parameters. Stimulation 

pulses were delivered biphasically, with a cathodic phase preceding an anodic phase 

of equal amplitude. Pulse width, pulse delay, and frequency were kept constant at 0.1 

ms, 0.1 ms, and 100 Hz, respectively. For all tasks except the one in which 

psychometric curves were measured, current amplitudes were held constant at 0.1 and 

0.15 mA, for Owl Monkeys 1 and 2, respectively. To construct the psychometric 

curves, we varied the stimulation currents between 0 and 0.2 mA. 
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parameters influence the efficacy of microstimulation.  In our analyses of psychometric 

curves, we modulated amplitude to modulate charge delivery, while keeping pulse 

width fixed. 

The time course of the overall pattern of microstimulation reproduced the 

previously used pattern of vibratory cues (Sandler et al. 2003). Microstimulation cues 

consisted of 100 Hz trains of electrical pulses that were alternatively turned on for 150 

ms and turned off for 100 ms, this pattern being repeated 16 times (i.e., for 4 s) (Figure 

7). Microstimulation amplitude was initially set to 100 μA for Owl Monkey 1 and to 150 

μA for Owl Monkey 2 because these values corresponded to levels slightly below the 

average threshold for eliciting motor responses using microstimulation of M1. Electrical 

pulses were delivered simultaneously to three S1 electrodes in a linear arrangement with 

an interelectrode separation of 300 μm (Figure 3). The stimulation electrodes shared a 

common global ground.  In most sessions, the ground electrode located on the 

stimulation array away from the stimulation sites was connected to the stimulator 

ground.  Alternatively, in some early sessions, the ground screws embedded in the 

dental acrylic implant were used.   

In the basic stimulation task (Figure 7), the owl monkeys discriminated the 

presence or absence of microstimulation. The correct response was to reach toward the 

target contralateral to the cortical site being stimulated (i.e., S1 in the left hemisphere) if 

the stimulation was turned on, and to reach toward the other target if there was no  
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Figure 7: Owl monkey basic task stimulation patterns. Pulse bouts of 150 ms 

with 100 ms delays repeated 16 times cues right while no stimulation cues left.  

Shown here is 1 second of a 4 second pattern 



 

55 

stimulation. Electrical pulses were delivered simultaneously to the three S1 electrodes.. 

After the owl monkeys learned the basic task, this contingency was reversed: the 

monkey was required to reach toward the target ipsilateral to the site of stimulation 

(Figure 8). After learning this task, the owl monkeys were required to discriminate 

between two temporal patterns of microstimulation (Figure 9). The amplitude, 

frequency, pulse width, and the number of pulses were held constant between the two 

different stimulation patterns. The difference was that one pattern was made of 150 ms 

long trains of pulses (pulse rate 100Hz) separated by pauses of 100 ms (i.e. the same 

pattern as in the basic task), whereas the other was made of 300 ms long trains separated 

by pauses of 200 ms. The duration of each pattern of microstimulation was 4 s. The first 

stimulation pattern previously used in the basic task, instructed the monkeys to select 

the door contralateral to the stimulation site (the left hemisphere). The second pattern 

(Figure 9), instructed the monkeys to select the door ipsilateral to the stimulation site. 

Stimulation was always delivered to S1 in the left hemisphere. 

Finally, after learning the temporal patterns, spatiotemporal patterns were 

delivered by our custom microstimulator to primary somatosensory (S1) cortex (Figure 

3).  Eight consecutive electrodes (300 μm spacing) in a linear arrangement within the 

single S1 were split into alternating electrode and ground pairs.  There were two 

different types of stimuli; stimulus type 1 consisted of a bout of microstimulation pulses 

delivered first to electrode pair 1 (EP1) followed by EP2, EP3, then EP4, while stimulus 
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Figure 8: Owl monkey reversal task stimulation patterns. Pulse bouts of 150 ms 

with 100 ms delays repeated 16 times cues left while no stimulation cues right.  

Shown here is 1 second of a 4 second pattern 
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Figure 9: Owl monkey temporal discrimination task stimulation patterns. 

Pulse bouts of 150 ms with 100 ms delays repeated 16 times cues right while pulse 

bouts of 300 ms with 200 ms delays repeated 8 times cues left.  Shown here is 1 second 

of a 4 second pattern 
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type 2 had a reversed order from EP4 to EP1 (Figure 10). Electrode pair bursts occurred 

at a secondary frequency of 4 Hz, lasting 150 ms (15 pulses) with a 100 ms delay 

preceding the burst on the next electrode pair in the sequence.  The spatiotemporal wave 

was repeated 4 times in each stimulus type, lasting a total of 4 seconds. 
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Figure 10: Owl monkey spatiotemporal discrimination task stimulation 

patterns. Spatiotemporal waves with similar temporal characteristics to the original 

pattern in the basic task.  Different wave directions cue right and left. Electrode pairs 

(EP1 through EP4) designate the sequential stimulus and ground electrode pairs along 

the linear electrode array. 
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3. Extracting Locomotor Information 

3.1 Behavioral task 

Two adult female rhesus macaques were trained to walk bipedally on a custom 

modified treadmill. The treadmill was a human fitness treadmill, modified to be 

hydraulically driven so that the pump motor could be located remotely, in a different 

room than the experimental setup and thus reducing the electronic noise that could be 

picked up by the neuronal recording equipment. Treadmill speed and direction were 

separately controlled via independent throttle and flow routing controls.  

Around the treadmill was a metal frame that supported both the recording 

equipment and the rhesus monkey restraints. The monkeys were loosely restrained by 

an adjustable 5-degree of freedom neckplate. By adjusting the three dimensional 

position of the neckplate as well as two dimensional tilt, the monkeys could be 

comfortable in their normal walking posture. Additionally, a bar was placed within 

reach of the monkeys' arms to allow for a comfortable stability aid. Each of the monkey’s 

legs and arms were unrestrained during experimental walking sessions. After one 

month of training, the rhesus monkeys learned to walk bipedally on the treadmill 

(Figure 11). Rhesus Monkey 1 was trained to walk in both the forward and backward 

direction at varying speeds (Figure 12), and Rhesus Monkey 2 was trained to walk only 

in the forward direction. The treadmill speed varied in the range -0.5 to 0.5 m/s. The  
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Figure 11: Rhesus monkey locomotion experimental setup.  Diagram of the 

bipedal walking setup, consisting of a custom modified, hydraulically driven 

treadmill; wireless, 2-camera tracking of kinematics; and a MAP neural acquisition 

system (Plexon, Inc., Texas, USA). 
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Figure 12: Variable speed tracking and predictions.  Examples of tracking at 

multiple speeds and conditions. 
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monkeys received food treats during walking sessions lasting 40-60 minutes, which 

encouraged them to face to the front of the treadmill.  

3.1.1 Limb movement tracking 

During experimental sessions, movements of the right legs of the rhesus 

monkeys were tracked using a wireless, video-based tracking system. The three 

dimensional coordinates of fluorescent markers applied to the hip, knee, and ankle were 

tracked on two cameras at a 30 Hz frame rate. Initially a commercial offline system (SIMI 

Motion 3D) was used for tracking purposes; in later sessions a custom real-time video-

based tracking system developed in the lab was used (Peikon et al. 2007). Data were 

cross-validated between the two systems to ensure that both produced equally accurate 

results and to ensure no biases were present in our custom system. To ensure consistent 

placement of the markers which were tracked on video, each of the rhesus monkeys was 

tattooed over the hip, knee, and ankle joints of their right legs.  The markers themselves 

were applied before each session, and were made of fluorescent, non-toxic stage 

makeup. This approach offered several advantages. First, the markers were virtually 

weightless on the skin of the monkeys and thus did not impact the walking mechanics 

or cause distraction. Second, using fluorescent markers allowed us to achieve very high 

contrast ratios between markers and background on the recorded video stream. By  

turning visible light down to a low level, lowering the camera aperture, and bathing the 

experimental setup with a safe, filtered UV (or black) spotlight, the only significant 
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source of visible light picked up by the cameras came from the markers which were 

being tracked.  While the current tracking system is only capable of tracking the right 

leg, future versions will track both legs simultaneously, allowing us to investigate 

bipedal predictions. Figure 13 illustrates frames of captured video that show an example 

of the bipedal walk cycle for each rhesus monkey. These figures have increased levels of 

ambient lighting to aid in viewing the step cycle. Both rhesus monkeys walked in a 

stereotyped bipedal manner and slightly leaned forward for comfort with arms holding 

a bar for support.  

3.1.2 Kinematic analysis 

The rhesus monkeys’ limb tracking information was used to extract a number of 

experimentally relevant parameters in addition to the X, Y and Z coordinates of the joint 

markers. We extracted joint angles (hip and knee), foot contact with the treadmill, 

walking speed, step frequency and step length. All these parameters were calculated 

from the joint position data provided that the markers were not occluded. The episodes 

during which any of the markers was occluded (typically, when the monkeys turned 

their bodies) were excluded from the analyses.  Our video analysis algorithm used a 

combination of mathematical techniques to calculate additional parameters. Treadmill 

speed was extracted from the video tracking data. The frequency of the step was 

extracted from the kinematic movement pattern of the ankle in the axis of treadmill 

motion. Furthermore, a combination of ankle displacement during the step phase and 
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Figure 13: Video frames traced from typical step cycles from both rhesus monkeys. 
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treadmill speed was used to extract stride length with respect to the moving surface of 

the treadmill. Foot contact was extracted first from a filtered height (Y-axis) threshold, 

which determined when the ankle joint was flat on the surface of the treadmill. 

However, a simple height threshold was not adequate to reject shuffling walking types, 

and a further check was instituted, which rejected periods without constant X-velocity of 

the ankle equal to treadmill speed.   

3.2 Kinematics of bipedal locomotion 

During walking, both rhesus monkeys adopted a posture in which they leaned 

slightly forward while holding a bar and episodically assuming a more upright posture 

(Figure 13). The right leg was video-tracked in real-time using fluorescent markers 

applied to the hip, knee and ankle joints. The monkeys’ walking kinematics exhibited 

many basic features previously reported in both humans (Capaday 2002; Grieve and 

Gear 1966; Hirokawa 1989; Murray, Drought, and Kory 1964; Murray, Kory, and Sepic 

1970; Nielsen 2003; Perry 1992; Vaughan, Davis, and O'Connor 1992) and monkeys 

(Hirasaki et al. 2004; Matsuyama et al. 2004; Mori et al. 2001; Tachibana et al. 2003). Step 

frequency rapidly increased as the treadmill speed increased from 0.05 to 0.2 m/s and 

began to plateau above 0.2 m/s (blue traces in Figure 14A). Step frequency during 

backward walking plateaued at a slightly higher value (1.1 steps/s) versus forward 

walking (1.0 steps/s). Step length also increased as the treadmill speed increased with a 

slight tapering off at higher speed (blue traces in Figure 14B). The stance phase  
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Figure 14: Step length and step frequency analysis. (A) The relationship 

between step frequency and walking speed. Blue points and curves represent the 

actual values, and red points and curves represent the extracted values. Each point in 

A and B represents an average over an epoch of constant treadmill speed during 

variable speed and direction sessions. (B) The relationship between step length and 

walking speed. Blue and red corresponds to the actual and predicted values, 

respectively. (C) Actual step lengths versus extracted step lengths during all variable 

speed sessions. Blue dots represent backward walking while red/orange dots 

represent forward (see key on the right). Dots are clustered around the y=x line, 

indicating a match between the actual and predicted values. 
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constituted approximately 65% of leg stepping cycle (Rhesus Monkey 1: 69.6 ± 13.1% 

during forward walking, 66.7 ± 16.2% during backward; Rhesus Monkey 2: 57.6 ± 9.7 % 

during forward). 

During forward walking, the ankle and knee moved backward at a nearly 

constant speed after the foot touched the treadmill (Figure 15A). At approximately mid-

stance, the ankle started to lift, followed by the knee (Figure 15B). These movements 

were accompanied by a lateral displacement (Z-dimension) of the ankle because of foot 

rotation (Figure 15C). The knee angle monotonically increased during the stance phase 

as the knee joint extended during backward movement of the leg, and knee flexion 

started shortly before foot liftoff and continued during the swing (Figure 15D). The 

soleus and rectus femoris were active during the stance phase and relaxed during the 

swing (Figure 15E). The tibialis anterior was activated in a reciprocal manner: active 

during swing, relaxed during stance.  This pattern of muscle activity is similar to EMG 

patterns during human walking (Capaday and Stein 1986; Ivanenko et al. 2008; Kadaba 

et al. 1985; Shiavi, Bugle, and Limbird 1987; Winter and Yack 1987). Examples of frames 

of video taken from stance and swing phases are shown in Figure 15F. 

Electrophysiological recordings spanned 399 days in Rhesus Monkey 1 and 56 

days in Rhesus Monkey 2. The implants were connected to a multichannel recording 

system (Plexon, Inc., Texas, USA) using light flexible cables. The total number of 

simultaneously recorded units ranged from 180 to 238 in Rhesus Monkey 1, depending  
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Figure 15: Average changes in walking parameters during the step cycle. The 

data from all experimental sessions during which the rhesus monkey walked in 

forward direction with EMGs recorded were averaged. The average portions of the 

stance and swing phases of the step cycle are shown below each plot. The hip 

movements are not illustrated because they were small. Solid lines show the actual 

values, and dashed lines show the values extracted from neuronal activity using the 

Wiener filter. Note the correspondence between the actual and extracted values. (A-C) 

X, Y, and Z position. (D) Knee angle. (E) EMG activity in the muscles of the right leg. 

(F) Examples of leg orientations classified as swing and stance. 
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on the recording day, and from 173 to 334 units in Rhesus Monkey 2. In Rhesus Monkey 

1, we recorded from 111.2 ± 19.3 units (mean ± standard deviation; standard deviation 

reflects day to day variability) in left M1, from 38.1 ± 6.1 units in left S1 and from 55.6 

±16.0 units in right M1. In Rhesus Monkey 2, we recorded from 106.0 ± 19.9 units in left 

M1 and from 166.0 ± 31.0 units in left S1. Statistical analysis (Wilcoxon signed rank test) 

confirmed that average neuronal firing rates increased during walking in both M1 

(P<0.001) and S1 (P<0.001) in each rhesus monkey. The average firing rate of M1 units 

was 7.5 ± 8.9 spikes/s during standing versus 15.0 ± 13.4 spikes/s during walking in 

Rhesus Monkey 1, and 7.7 ± 8.7 spikes/s versus 11.4 ± 11.9 spikes/s in Rhesus Monkey 2. 

In S1, the average rates were 8.7 ± 7.7 spikes/s during standing versus 16.6 ± 10.3 spikes/s 

during walking in Rhesus Monkey 1, and 14.7 ± 12.9 spikes/s versus 24.3 ± 20.3 spikes/s 

in Rhesus Monkey 2.  

The discharge rate for each of the cortical neurons peaked at a preferred phase of 

the step cycle (Figure 16). The pattern of cortical activity during forward walking (Figure 

16A) was different for each recorded cortical area.  In contralateral (left) M1, the number 

of neurons whose rates peaked during the stance was approximately equal to the 

number of neurons with the peak rate during the swing (61 ± 11 versus 63 ± 11, 

respectively, p > 0.05 Student’s t-test).   However, since the swing was shorter than the 

stance, the density of peak rates per unit of the step cycle (the slope of the red line in 

Figure 16A, 1st row) was lower for the stance phase (87.2 ± 18.6 peaks/s during stance  
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Figure 16: Neural activity in each cortical area during the step cycle. The neural 

data from experimental sessions during which the rhesus monkey walked in the 

forward and backward direction were separately averaged for many step cycles. Each 

horizontal line corresponds to the firing rate of a single neuron normalized by 

standard deviation (i.e., z-score). Each cortical area was analyzed separately (left M1 – 

top row, right M1 – middle row, left S1 – bottom row). The neurons were sorted by 

the phase of the step cycle during which they exhibited peak activity. The average 

durations of the stance and swing phases of the step cycle are shown below each plot. 

Swing was slightly longer during backwards walking. (A) Average neural activity 

during forward walking, ordered via peak activity during forward walking. (B) 

Average neural activity during backward walking, ordered via peak activity during 

backward walking. (C) Average neural activity during backward walking, ordered via 

peak activity during forward walking (i.e. neurons are ordered the same way in A and 

C). 
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versus 261.0 ± 29.0 peaks/s during swing, p < 0.001 Student’s t-test), especially for its 

initial phase preceding the stance to swing transition.  Ipsilateral (right) M1, showed a 

different pattern of neural activity in this analysis which used the movements of the 

right leg to designate the step cycle, with more neurons peaking during the stance phase 

than the swing phase (38 ± 6 versus 20 ± 6, respectively, p <0.001 Student’s t-test) (Figure 

16A, 2nd row), evidently because neural modulations there represented the out of phase 

movements of the left leg. Activity in S1 neurons was heavily concentrated at the swing 

phase, especially during the stance to swing transition (55.0% of S1 neurons had their 

peak activity in the 20% of the step cycle centered at the stance to swing transition) 

(Figure 16A, 3rd row), when the foot was lifted from the treadmill surface. 

A different pattern of ensemble modulations was revealed during backward 

walking (Figure 16B, C). Notably, firing of the neurons tended to be more evenly spaced 

over the step cycle, especially in M1 (176.4 ± 29.4 peaks/s during stance versus 196.0 ± 

19.6 peaks/s during swing, p > 0.05 Student’s t-test).  When the cortical activity during 

backwards walking was sorted according to where the cells were most active in forward 

walking (compare Figure 16A and Figure 16C), it was apparent that there was little 

correspondence between individual cell’s activity peaks between forward and backward 

walking. However, there was still a slight tendency for the neurons that were active in 

the swing phase during forward walking to remain active during the swing during 

backward walking (44.4% of the neurons with peak rate during the swing) and the same 
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tendency for the stance-phase neurons (80.1%). This tendency was statistically 

significantly greater (p<0.005 Student’s t-test) than the percentage of neurons expected to 

stay in the same phase (29.9% and 70.1%) if there was no correlation between the 

neurons’ peak firing phases in forward versus backward walking.   Thus, although leg 

kinematics were similar during forward and backward walking, the underlying 

neuronal patterns were substantially different. 

3.3 Extracting bipedal locomotion from cortical ensemble 
activity 

Multiple locomotion parameters were extracted using linear decoders which 

expressed the parameters as weighted sums of the neuronal firing rates (Carmena et al. 

2003; Carmena et al. 2005; Haykin 2002; Wessberg et al. 2000). We decoded X 

(horizontal), Y (vertical), and Z (lateral) Cartesian coordinates of the leg joints, state of 

foot contact with the treadmill, step length and frequency, walking speed, and the EMGs 

of multiple leg muscles. Figures 16 and 17 represent modulations of M1 and S1 

discharges as “waves” of neuronal activity that occurred during each step. While the 

individual neuronal firing rates were highly variable from step to step at the millisecond 

scale (Figure 17), combining the activity of many neurons in 100ms bins using the linear 

decoder produced accurate predictions of leg movements, as evident from average 

traces for joint coordinates (Figure 15A-C), joint angle (Figure 15D) and EMGs of leg 

muscles (Figure 15E), as well as step frequency (Figure 14A) and step length (Figure 

14A, B) derived from predictions of joint positions. Figure 18A-D illustrates a 5s epoch of 
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Figure 17: Neuronal activity of 220 single units sorted via cortical area and by 

phase within the step cycle. Firing rate is normalized for every unit.  The 5-second 

window of plotted neural activity corresponds to the timing of the predictions of 

Figure 18. 
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Figure 18: Extraction of multiple characteristics of walking. In all traces, blue 

shows actual and red shows extracted value. All variables are shown over the same 5 s 

window, except in (F), where slow changing variables are shown over a longer 50 s 

window. (A) Three Dimensional position variables. The X axis is in the direction of 

motion of the treadmill; the Y axis is off the surface of the treadmill (axis of gravity); 

and the Z axis is lateral to the surface of the treadmill, but orthogonal to the direction 

of motion. (B) Joint angle variables. Hip angle is calculated assuming a fixed torso. (C) 

Foot contact, a binary variable defining the swing versus stance phase. (D) EMG 

variables. 
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forward walking during which 18 motor parameters were simultaneously extracted:  

joint coordinates (Figure 18A), joint angles (Figure 18B), state of foot contact (Figure 

18C) and EMGs (Figure 18D). Figure 19 depicts direct extraction of step length and 

walking speed (characteristics modulated at a slower pace) from a different 50 s epoch.

 The average extraction performance is summarized in Table 1. Overall, accuracy 

in predicting motor parameters was in line with that previously obtained for extracting 

arm movements from M1 activity (Carmena et al. 2003; Carmena et al. 2005; Wessberg et 

al. 2000). We observed signal to noise ratios (SNR) in the range -2 to 7 dB and correlation 

coefficients, R, in the range 0.2 to 0.9. In both rhesus monkeys, the best extracted 

parameters were those related to the X and Y coordinates of the ankle, and knee angle 

(SNR in the range 3.8 - 6.0 dB and R in the range 0.79 - 0.87). The Z coordinate (lateral 

movements) was not predicted as well, because of minimal lateral movements of the 

joints during walking sessions.  Likewise, the small amount of hip movement produced 

during walking may have contributed to low prediction accuracy for the hip’s Cartesian 

coordinates compared to those of the knee and ankle. The X and Y coordinates of the 

knee and the hip were extracted with an average SNR in the range - 0.7 to 4.3 dB and 

average R around 0.42 to 0.79. The average SNR and R for hip angle were 0.9 to 3.0 and 

0.58 to 0.73, respectively. Meanwhile, extraction accuracy for foot contact state (swing or 

stance) was 1.2 to 3.1 in SNR and 0.58 to 0.61 in R, whereas the average SNR and R for 

the slowly modulated parameters were in the range -2.0 to 1.4 and 0.24 to 0.42 for 
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Figure 19 Extraction of high level kinematic parameters. In all traces, blue 

shows actual and red shows extracted value. All variables are shown over the same 50 

s window 



 

82 

Table 1: Average prediction accuracy of locomotor kinematics.  Correlation coefficient 

and signal to noise ratio (dB) for the predictions of different walking parameters. The 

numbers represent mean ± standard deviation. 

  Rhesus Monkey 1 Rhesus Monkey 2 

  R SNR (dB) R SNR (dB) 

x 0.79 ± 0.09 4.08 ± 1.80 0.80 ± 0.06 3.77 ± 1.65 

y 0.86 ± 0.11 6.25 ± 2.66 0.82 ± 0.18 5.31 ± 3.42 

A
n

k
le

 

z 0.44 ± 0.15 -0.20 ± 1.48 0.30 ± 0.11 -1.71 ± 1.27 

x 0.66 ± 0.14 1.96 ± 1.84 0.61 ± 0.10 0.79 ± 1.62 

y 0.79 ± 0.13 4.28 ± 2.02 0.70 ± 0.14 2.50 ± 2.49 

z 0.39 ± 0.13 -0.52 ± 1.36 0.28 ± 0.09 -1.80 ± 1.09 K
n

ee
 

angle 0.84 ± 0.07 5.29 ± 2.06 0.87 ± 0.05 6.01 ± 1.37 

x 0.60 ± 0.14 1.15 ± 1.71 0.53 ± 0.11 0.04 ± 1.71 

y 0.66 ± 0.14 1.97 ± 1.92 0.42 ± 0.12 -0.72 ± 1.52 

z 0.56 ± 0.13 0.66 ± 1.75 0.63 ± 0.09 1.20 ± 1.67 H
ip

 

angle 0.73 ± 0.11 2.95 ± 1.95 0.58 ± 0.11 0.90 ± 1.41 

swing/stance 0.61 ± 0.21 3.08 ± 2.76 0.58 ± 0.14 1.18 ± 1.79 

speed 0.42 ± 0.26 -1.44 ± 3.36 0.24 ± 0.09 -2.03 ± 0.85 

step frequency 0.48 ± 0.14 -1.84 ± 2.77 0.57 ± 0.22 0.93 ± 1.84 

stride length 0.40 ± 0.28 -1.45 ± 3.53 0.30 ± 0.17 -1.89 ± 1.64 
 

walking speed, -1.8 to 0.9 and 0.48 to 0.57 for step frequency and -1.5 to 1.9 and 0.30 to 

0.40 for step length. The low average accuracy of predicting the walking speed, 

especially in Rhesus Monkey 2, reflected the fact that in many experiments the treadmill 

speed was constant for long periods of time and thus had very low variance. Predictions 

of EMGs (Figure 15E; Figure 18D) were better (p<0.001, Student’s t-test) for the 

musculature of the right leg (SNR of 1.55 ± 0.39) than for the left leg (0.76 ± 0.17), likely 

because more neurons were recorded in the left hemisphere.  Similarly, when prediction 

performance of equal size samples of neurons drawn from left versus right M1 was 
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compared,  contralateral M1 outperformed (p<0.001, Student’s t-test) ipsilateral M1 in 

predicting leg EMGs.  

3.4 Neuron dropping analysis 

Figures 20 and 21 depict neuron dropping analysis (NDA) for the extraction of 

walking parameters. Each dot in the scatter plots represents prediction accuracy 

(quantified as SNR) calculated for a randomly selected neuronal subset. The plots are 

fitted with exponential curves. NDA revealed that the prediction accuracy of joint 

coordinates monotonically increased with neuronal sample size (Figure 20A-C). In the 

particular case of predicting foot contact, NDA revealed a pattern consistent with the 

known phenomenon of overfitting (Babyak 2004; Santucci et al. 2005), i.e. the SNR 

increased as the sample grew to 50 neurons, and it decreased thereafter (Figure 20D). In 

agreement with Table 1, the Y-coordinates (vertical movements) for the ankle (Figure 

20A) and knee joints (Figure 20B) were the most accurately predicted of all Cartesian 

coordinates. X was the second best extracted coordinate. Prediction accuracy for the 

knee and hip angles was comparable to the prediction of X and Y coordinates for these 

joints (Figure 20B, C). 

NDA for predictions of the ankle X coordinate was also performed separately for 

different cortical areas (Figure 21). In both rhesus monkeys, walking parameters could 

be predicted using neuronal activity recorded in either M1 or S1 contralateral to the 

right leg, as well as ipsilateral M1 in Rhesus Monkey 1, but none of these areas taken  
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Figure 20: Neuronal dropping curves for simultaneously extracted variables. 

Dots represent SNR for the extraction of walking parameters using models trained on 

randomly selected neuronal populations of different sizes. In (A-C) red dots 

correspond to X coordinate, green dots to Y, and blue dots to Z. In (B, C) cyan dots 

correspond to joint angles for the respective joint. This analysis showed that 

prediction accuracy increased with the neuronal sample size (but see (D)). (A) 3D 

coordinates of the ankle. (B) Joint angle and 3D coordinates of the knee. (C) Joint 

angle and 3D coordinates of the hip. (D) Foot contact, that is whether or not the rhesus 

monkey’s foot was on the ground. Foot contact was well predicted for smaller 

numbers of neurons but experiences overfitting for large numbers of neurons. 
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Figure 21: Neuronal dropping curves by cortical area. In Rhesus Monkey 1, 

more cells were recorded in M1 than in S1, whereas in Rhesus Monkey 2 more cells 

were recorded in S1. Extrapolated fits are shown for both the entire neuronal 

population as well as separate cortical areas. 
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alone reached the prediction performance level of the entire population.  Predictions 

using random populations drawn from each individual cortical area were statistically 

significantly worse than predictions from equivalently sized random populations drawn 

from all cortical areas (Student’s t-test, p<0.001). For each area, the prediction 

performance improved with increases in population size. Slight overfitting was 

observed for S1 in Rhesus Monkey 2 for ensemble sizes greater than 80 neurons (Figure 

21 right panel, blue dots and curve). In Rhesus Monkey 1, predictions from contralateral 

 M1 neurons (Figure 21 left panel, red) were better than the predictions from 

ipsilateral M1 neurons (Figure 21 left panel, green) or contralateral S1 neurons (Figure 21 

left panel, blue). In Rhesus Monkey 2, predictions from S1 neurons were better than the 

predictions from M1 neurons (Figure 21 right panel). 

The performance of the extraction algorithm, using M1 versus S1 neurons, was 

further examined using a timing analysis in which a single 50 ms time window was used 

to measure extraction accuracy at various lags with respect to the present time (time 

zero) (Figure 22). This analysis showed how well neuronal activity at various times 

relative to the present, carried information about present motor activity.  Peaks in 

prediction accuracy for the lags preceding the present time (negative lags) indicated that 

neuronal modulations were predictive of future movements, suggesting a causal link 

between neuronal modulations and movements. Such a relationship was expected for 

M1 neurons and confirmed for both Rhesus Monkey 1 (Figure 22, left panel) and Rhesus  
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Figure 22: Timing of predictive power of M1 versus S1.  Prediction accuracy for 

M1 (red curves) and S1 (blue curves) as a function of time lag between the time of 

prediction and the time at which neuronal activity was sampled. In Rhesus Monkeys 

1 and 2, precentral neurons best predicted current kinematics using neuronal data in 

the past, indicating that neuronal modulations preceded motion. Rhesus Monkey 2’s 

postcentral neurons had a peak in predictive power using future data, indicating that 

that activity was a replica of the kinematics. In Rhesus Monkey 1, the postcentral 

subpopulation did not have particularly strong predictive power in this analysis. 
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Monkey 2 (Figure 22 right panel). Peaks for lags succeeding the present (positive lags) 

indicated a reverse relationship: present movements were the cause of future neuronal 

modulations. This was expected for S1 neurons, and confirmed in Rhesus Monkey 2; the 

peak S1 extraction occurred at a positive lag (Figure 22 right panel). S1 activity was 

generally not strongly predictive at any lag in Rhesus Monkey 1. There were minor 

peaks in S1 predictive power for both positive and negative lags (Figure 22 left panel). 

Still, the distinction between M1 and S1 was not clear cut because S1 modulations were 

capable of predicting motor parameters in the future (Figure 22).  Predictive power of S1 

activity could reflect a more complex relationship between the sensory feedback and the 

motor parameter extraction, for example foot contact information could have some 

predictive power (i.e. an increase of pressure on the ball of the foot often preceding lift-

off of the foot). Moreover, predictions obtained from S1 activity could reflect centrally 

generated signals related to communication between motor and sensory areas and 

efferent copies (Chapin and Woodward 1982; Fanselow and Nicolelis 1999; Lebedev, 

Denton, and Nelson 1994). S1-derived predictions of locomotion parameters are 

consistent with our previous studies in which we obtained predictions of arm 

movements from S1 activity (Carmena et al. 2003; Carmena et al. 2005) 

3.5 Generalization properties and a switching model 

A linear decoder trained on a single walking paradigm (e.g., forward walking 

only or backward walking only) was able to accurately extract walking parameters 
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during the same paradigm (SNR = 5.29 dB for the forward model applied to forward 

walking and SNR = 3.53 dB for the backward model applied to backward walking) 

(Figure 23A, left; Figure 23B, right). However, predictive power was not retained when 

applied to predict a different paradigm (SNR = -2.91 dB for the forward model applied 

to backward walking and SNR = -2.77 dB for the backward model applied to forward 

walking) (Figure 23A right panel; 23B left panel). These results were confirmed by NDA 

(Figure 23D, E). 

At the same time, general models trained on a mixture of both forward and 

backward walking (walking forward 45.1 ± 1.4% and backward 54.9 ± 1.4% of the time) 

accurately predicted both forward (Figure 23C, left panel) (SNR = 4.74 dB) and 

backward (Figure 23C, right panel) (SNR = 2.24 dB) walking separately, albeit slightly 

worse compared to the single paradigm models. This was also evident from NDA 

(Figure 23D, E). 

Generally, we observed that models trained on a mixture of walking directions 

performed slightly worse than models trained on a single walking paradigm (Figure 

23D, E). Thus, a more general model had the benefit of being able to extract different 

walking paradigms using the same neuronal weights, but this benefit came with a 

reduction in predictive accuracy. 

To recapture the lost prediction accuracy when using general models versus 

single paradigm models, we generated a multi-layer switching model (Figure 4). The  



 

91 

 

 

 

 

 

Figure 23: Generalized training of predictive kinematic models. Panels A-C 

each represents a separate predictive model. In each, the left panel shows each 

model's ability to predict the kinematics of walking during sessions where the rhesus 

monkeys walk forward while the right panel shows each model's predictions of limb 

kinematics during periods of backward walking. The models accurately predicted 

conditions the same as the data they were trained upon but did not generalize well to 

conditions not contained within the training data set. The generalized model 

predicted either walking paradigm, but less accurately compared to paradigm-specific 

models.  (A) Actual and extracted traces of the X coordinate of the ankle for the 

forward walking model. Blue curves represent the actual position, and red curves 

represent the extracted position. (B) Traces for backward walking model. (C) Traces 

for generalized model.  (D) Neuron dropping curves calculated by predicting forward 

walking using randomly selected neuronal populations with each model. (E) Neuron 

dropping curves calculated by predicting backward walking using randomly selected 

neuronal populations with each model.   
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switching model classified the subject's walking as a number of sub-behaviors. That is, 

while the rhesus monkey was performing variable direction walking, walking was sub-

classified into forward walking and backward walking periods. The switching model 

had two layers. The primary layer contained several independent sub-models for 

kinematic variables, each one trained on data from a single sub-behavior. The secondary 

layer was a director layer that predicted the current behavioral mode (here, walking 

direction) for the subject and selected the appropriate kinematic sub-model.  

Overall, this model performed better than the standard linear Wiener model at 

predicting the kinematic parameters of walking during sessions with both forward and 

backward walking. (Figure 24) A series of experimental sessions where the rhesus 

monkeys walked in alternatively the forward and backward direction, at varying 

speeds, were selected to compare the relative performance of the switching model and 

the standard, single layer linear model. During these sessions, the monkeys walked 

forward 45.1 ± 1.4% and backward 54.9 ± 1.4% of the time. In the sessions used to test the 

switching model, predictions of the kinematic variables increased on average by 13.8 ± 

35.6%. The improvements were strongest for kinematic variables with markedly 

different paths in different behavioral modes, but could be weak or negative for 

variables whose profile changed little between behavioral paradigms, due to the fact 

that the kinematic submodels in the switching model were trained on less data each. For 

example, ankle X, the most important kinematic variable for recreating the walking  
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Figure 24: Example of the operation of the switching model. (A) Representative 

records of the X position of the ankle illustrating the predictive power of the 

switching model (the panel highlighted in yellow) versus generalized model (red 

curve) during forward walking. Note that the specialized model selected by the state 

predictive model (green curve) matches the original record (black curve) better than 

the generalized model (red curve) and the submodel for backward walking (blue 

curve). (B) Representative records for backward walking. The backward paradigm 

submodel selected by the state predictor (blue curve in the panel highlighted in 

yellow) matches the actual position (black curves) better than the generalized model 

(red curve) and the submodel for forward walking (green curve). 
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pattern, and one that traces out very different paths in forward and backward walking, 

showed a statistically significant (p<0.05, Student’s t-test) increase in SNR of 21.0% on 

average.  Ankle Y on the other hand only showed a statistically insignificant (p>0.05, 

Student’s t-test) increase in SNR of 4.2% on average. 

Additionally, the prediction strength (R) was determined for single-neuron 

predictions of the X position of the ankle in the two submodels, backward and forward 

walking. While there is a general correlation between the Rs for these walking 

paradigms, there is a clear subpopulation of neurons with high Rs for forward, but not 

for backward walking. (Figure 25) 

3.6 Predicting multiple parameters simultaneously  

Simultaneous extraction of many parameters essentially depended on the size of 

the neuronal population (Figure 26). Random subpopulations were pooled from the 

entire neuronal ensemble and used to predict several parameters simultaneously. For 

each parameter, prediction accuracy was normalized by its maximum value. The 

accuracy of simultaneous predictions was characterized by the normalized accuracy for 

the least well predicted parameter. Neuron dropping curves for this metric had less 

steep slopes when larger parameter sets were predicted (Figure 26A). In other words, 

smaller neuronal populations could predict a few parameters simultaneously, and larger 

populations were required for predicting many parameters. This is illustrated in Figure 

26B, which shows that the number of neurons required to achieve a given minimum  
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Figure 25: Comparison of prediction strength of individual neurons during 

forward (abscissa) versus backwards (ordinate) walking. 
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Figure 26: Simultaneous extraction of multiple parameters. (A) Neuronal 

dropping curves for extracting multiple parameters of walking. Each point on the 

curve represents the number of neurons needed to achieve a certain minimum level of 

prediction accuracy for each parameter (expressed as R normalized by the maximum 

value). The curves were fitted to the data for random groups of neurons used to 

predict random combinations of variables. This analysis revealed a slower rise for the 

multiple parameter dropping curves, indicating that larger neuronal populations were 

needed to predict multiple parameters simultaneously. (B) Number of neurons 

needed to attain a certain level of prediction accuracy (75, 85 and 95% of maximum R) 

as the function of the number of simultaneously predicted variables. The curves were 

calculated from the neuron dropping curves shown in (A). These graphs show that the 

number of neurons needed for accurate prediction increased with the number of 

simultaneously extracted parameters of walking. (C) A comparison of the necessary 

number of neurons needed to accurately predict parameters in a variety of walking 

modes of different complexity. 95% of maximum R was set as the accuracy 

requirement. Bars show standard error. 
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accuracy (75, 85 or 95% of maximum prediction accuracy) increased with the number of 

simultaneously predicted parameters. 

Similar to the result for the simultaneous extraction of multiple parameters, 

larger neuronal populations were required to predict complex patterns of walking 

compared to more simple walking patterns. For example, the number of neurons 

required to achieve 95% of maximum prediction accuracy for the X position of the ankle 

clearly increased when walking conditions of increasing complexity were employed 

(Figure 26C). On average, 60 neurons were sufficient for predicting constant-speed 

walking in the forward direction. However, 90 neurons were needed to achieve this 

level of accuracy for variable-speed, forward walking. As complexity increased, more 

neurons were needed to maintain the same prediction accuracy. Thus, 95 neurons were 

required for predicting backward walking at constant speed, while 115 neurons were 

required for predicting backward walking at variable speed. Predicting variable-speed 

bidirectional walking required 110 neurons.  

3.7 Real time predictions of leg kinematics using cortical 
neuronal ensembles 

Real-time prediction of kinematic variables (Figure 27) was performed in 22 daily 

recording sessions in Rhesus Monkey 1. In each session, the first 5 minutes of walking 

were used for model training data. These data were sent to a buffer which was used to 

calculate a set of linear models for the leg kinematic parameters. These models were 

then used to generate real-time predictions from neural spike data alone. The actual and 
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Figure 27: Real-time parameter extraction. (A) Training and prediction stages 

of the BMI.  The panels show the average angles of hip and knee. In the top panel, 

training was occurring and there was not yet any predicted output.  In the bottom 

panel extracted data was calculated (red), which matched actual kinematics (blue). (B) 

Training (left) and extraction (right) periods shown as the snapshots of leg 

configuration in treadmill surface centered coordinates. The configurations are 

projected onto the X-Y plane at 33 ms time steps to show a single step. Actual 

configurations of the leg are shown in blue, and predictions are shown in red. (C) 

Schematics of a future walking assist, exoskeletal BMI. 
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extracted joint angles are shown in Figure 27A, and the actual and extracted leg 

configurations are shown in Figure 27B. Real-time predictions were not statistically 

different from offline predictions (real-time SNR = 2.38 ± 1.14, offline SNR 2.46 ± 1.57, 

p>0.05, Student’s t-test). The real-time system included a web link that could send the 

extracted kinematics to robotic appendages (Figure 27C) and return visual feedback. 

(Cheng et al. 2007; Lebedev et al. 2007) 
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4. Cueing Reach Decision with Cortical Microstimulation 

4.1 Behavioral task 

Two owl monkeys performed a reaching and grasping task. Each monkey sat 

comfortably in a primate chair. Two Plexiglas screens, one opaque, one transparent, 

separated the owl monkey from two small, opaque doors, one to the right of the midline 

and one to the left. A food item was hidden behind one of the doors, and the monkeys 

previously been behaviorally conditioned to choose the food’s location by peripheral 

vibrotactile cues.  In these experiments, intracortical microstimulation cues were 

substituted for the vibrotactile cues.  (Figure 28A).  After the food reward was hidden, 

the opaque screen was lifted and trials began with a 5 s period during which the animal 

was behind the transparent Plexiglas screen, able to see the closed doors but unable to 

open them. During the first 4 s, microstimulation cues were delivered. Then, after a 1 s 

pause, the transparent screen was raised and the monkey reached toward and opened 

one of the two doors. (Figure 28B) If the door selection was correct, the monkey obtained 

the food item located behind the door. The monkey could make only one selection per 

reach because the experimenter quickly took the food away if the monkey failed. 

Trials occurred once every 30 seconds on average with ~2s variability in the 

intertrial delay. Incorrect reaches were followed by repetition of the same type of trial. 

This design of trial presentation prevented the animals from becoming biased to a 

particular door, but also made the trials that followed incorrect trials special because the  
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Figure 28: Owl monkey microstimulation task. (A) Experimental setup outline.  

The owl monkeys are placed behind two barriers with two closed doors in front of 

them, one of which hides a food reward.  After microstimulation cues them to the 

food location, the barrier is raised and the monkeys reach and open a door (B) 

Timeline of a single trial.   
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monkeys could use the previous failure as a cue of food location. These special correction 

trials were treated separately in the analyses of the behavioral data. Successful trials 

were followed by trials where food location was determined using a random number 

generator. The owl monkeys performed 100 trials during each daily session. 

 Each owl monkey had previously been overtrained to perform the reaching task, 

which was cued by vibrotactile stimuli applied to its upper arms (Sandler et al. 2003). If 

the right arm was vibrated, the animal had to reach toward the rightmost target, and if 

the left arm was vibrated the correct direction of reach was to the left. Later, in a reversal 

phase of the experiment, each monkey also learned to reach to the target opposite to the 

stimulated arm. Following two years of testing using arm vibration as the cue, the 

experiments described here were performed using intracortical microstimulation as the 

stimulus cue. All other aspects of the task remained the same after the switch to 

microstimulation to aid in the owl monkeys’ transition to the new stimulus type. Since, 

microstimulation was to be delivered unilaterally, to the left primary somatosensory 

cortex only, in the months immediately preceding the switch from vibrostimulation to 

microstimulation, both owl monkeys were overtrained on unilateral vibrostimulation 

discrimination, reaching performance levels above 85% correct. The monkeys had to 

detect the presence or absence of vibration on the arm contralateral to the site that 

would be stimulated when the vibrostimulation was replaced with electrical 

microstimulation. In this way, the necessary relearning required of the stimulation cue 
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switch was minimized.  Here we report only the data obtained in the experiments after 

the switch to using microstimulation cues.  

Initially, in the basic task (Figure 7) and then the reversal task (Figure 8) a single 

microstimulation pattern was discriminated from a lack any stimulus by the owl 

monkeys.  The only difference between the two tasks was the stimulus rule, that is, 

which stimulus type indicated which food location.  The microstimulation stimulus 

pattern was designed to closely resemble the previous vibrotactile stimulus pattern.  

Additionally, to study the psychometric relationship between amplitude and 

discrimination in the basic task, five different stimulus amplitudes were used ranging 

from 0 to 200 μA in logarithmic steps. For a given session, microstimulation amplitude 

was fixed at a randomly selected value without replacement. 

The temporal task (Figure 9) required the owl monkeys to discriminate two 

different microstimulation patterns that differed in their secondary burst frequency 

without any modification to the lower level stimulation parameters. 

In the spatiotemporal task (Figure 10), the owl monkeys were required to 

discriminate between two spatiotemporal patterns of microstimulation. Again, the 

amplitude, frequency, pulse width and number of pulses were held constant with pulse 

trains lasting for 150 ms, separated by pauses of 100 ms. However, whereas in previous 

tasks all electrodes delivered the same pattern simultaneously, in this case the electrodes 

were broken down into four electrode and ground pairs (EP1 – EP4). In both stimulation 
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patterns, each individual electrode pair delivered the same current pulses, the only 

difference being the spatiotemporal order in which these electrode pairs were 

stimulated. 

In all tasks, the behavior of the owl monkeys, and the structure of the trial, 

remained the same. 

4.1.1 Analyses of behavioral data 

Experimental trials during each session were split into two separate groups for 

analysis: random trials and correction trials. Correction trials (see above) were treated 

separately because the food location in these trials did not change from the previous 

trial. Thus, to obtain food in a correction trial, an owl monkey had to simply switch its 

direction of reach from the previous trial. These trials were used to prevent the monkeys 

from developing any biased strategies. Specifically, the monkeys had previously 

selected the same door repeatedly, getting a food reward half the time without paying 

attention to the cue. The correction trials were analyzed separately, and this analysis 

confirmed that the owl monkeys indeed learned to switch the direction of reach. All 

other trials, called random trials, were characterized by food placement according to a 

computer-generated random sequence. These trials were analyzed to determine cue 

discrimination performance since the only information regarding food location available 

to the owl monkeys came from the cue. 
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Discrimination performance was quantified as the proportion of random trials 

performed correctly (0 to 1 range, with 0.5 corresponding to a chance level of 

performance). The performance over a series of sessions was fit to a linear regression 

model: 

offsetymxy += ,      (8) 

where y is discrimination performance, x is experimental session number, m is the 

learning slope, and yoffset is the initial performance. In addition, a sigmoidal model was 

used: 

( ) offsetxxk

scale y
e

y
y

thresh

+
+

=
−−1

,     (9) 

where yoffset describes the minimum of the sigmoid, yscale is the height of the sigmoid, 

xthresh is the threshold, or inflection point, of the sigmoid, and k is a factor describing the 

slope of the sigmoid (larger k values denote steeper slopes). For each fit, regression 

statistics were calculated to determine the goodness of the fit. 

In addition to describing changes in performance in time, equation 9 was used 

for constructing psychometric curves in which x corresponded to microstimulation 

amplitude.  

4.2 Initial microstimulation learning  

In this task, the owl monkeys discriminated the presence of cortical 

microstimulation (Figure 7). Although both owl monkeys were overtrained in the 



 

110 

reaching task cued by arm vibration, their initial performance in the basic task cued by 

similarly patterned microstimulation was rather poor. This was despite the fact that the 

week before the start of the microstimulation cueing sessions they performed the task in 

which vibration was used as a cue with a 0.84 average performance on random trials for 

both Owl Monkeys 1 and 2.  

In the initial sessions of the basic cortical microstimulation task, the behavioral 

performance was close to chance level. However, both owl monkeys exhibited steady 

improvement in performance over the course of 40 sessions, eventually reaching levels 

that were significantly above chance (Figure 29, t-test, p<0.001). Owl Monkey 1’s 

learning curve was well fit with a linear regression model (equation 8) with an initial 

performance (intercept) of .58 and a learning rate (slope) of .009 increase in performance 

per session (r2 = 0.75, p<0.001). Owl Monkey 2’s learning curve was also well fit with a 

linear regression model (intercept of 0.46, learning rate of 0.010, r2 = 0.77, p<0.001). Note 

that Owl Monkey 1’s performance surpassed the chance level during the very first 

session, whereas Owl Monkey 2 remained at around chance level for the first 18 

experimental days. This initial phase with little perceptible learning was followed by a 

large, single jump of 0.15-0.20 in performance.  Significantly, once Owl Monkey 2 

learned to utilize microstimulation cues in the basic task, it was able to rapidly learn 

more challenging discrimination tasks in the experiments that followed. 
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Figure 29: Basic microstimulation task performance. Improvement in 

discrimination performance (green) in the basic task in which Owl Monkeys 1 (A) 

and 2 (B) detected the presence of microstimulation and reached toward the target 

contralateral to the stimulated left hemisphere. Linear interpolation lines and their 

equations (red) are shown for Owl Monkeys 1 and 2, and for Owl Monkey 2, a 

sigmoidal interpolation line and its equation (blue) are shown. Chance performance 

level is 0.5 (brown).  
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4.2.1 Control sessions and correction trials 

In control sessions, we showed that the owl monkeys did not use any strategy 

related to the reward schedule, experimenter interaction, or any other unseen source of 

information, to improve their performance. In these sessions, food was randomly placed 

exactly as in the basic task, but no cue was delivered to indicate food location. Mean 

performance on these random control trials was 0.48 and 0.47 in Owl Monkeys 1 and 2, 

respectively, which was not significantly different from chance (t-test, p>0.05). 

Throughout all sessions, mean performance in correction trials, when food 

location was not altered following an incorrect trial, was 0.93 and 0.87 for Owl Monkeys 

1 and 2, respectively. Performance in these trials was consistently significantly above 

chance values (t-test, p<0.001) in all task types. These trials were excluded from the 

analyses described below. 

4.2.2 Psychometric analysis 

To study the range of microstimulation amplitudes that could be used to deliver 

reliable sensory input to the brain, we examined the performance of the owl monkeys on 

the well-learned basic task as we altered the amplitude of intracortical microstimulation. 

The relationship between current pulse amplitude and performance was well described 

by a sigmoidal psychometric curve (equation 9) for each monkey with goodness of fit 

(r2) of 0.93 and 0.76 for Owl Monkeys 1 and 2 respectively (Figure 30). The respective 

sigmoidal fits were 
( )

48.0
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Figure 30: Psychometric analysis of microstimulation amplitude. Psychometric 

curves for Owl Monkeys 1 (A) and 2 (B) characterizing the relationship between 

behavioral performance (green) quality and microstimulation amplitude. The curves 

were constructed by interpolating behavioral data with sigmoidal curves (blue). 

Chance performance level is 0.5 (brown). 
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thresholds, defined here as the sigmoidal inflection point, were 72 and 60 μA 

respectively for Owl Monkeys 1 and 2, with 90% of maximum performance being 

achieved at 109 and 117 μA (Figure 30). 

4.2.3 Stimulation rule reversal 

In a subsequent set of sessions, we investigated whether the owl monkeys could 

learn a new behavioral rule instructed by the same pattern of microstimulation (Figure 

8). While Owl Monkey 1 exhibited steady learning over the total course of the sessions, 

Owl Monkey 2’s learning was characterized by a rapid improvement, followed by 

slower gradual enhancement of performance. Owl Monkey 1 (intercept = 0.29, slope = 

0.064, r2 = 0.97, p<0.001) and Monkey 2 (intercept = 0.67, slope = 0.025, r2 = 0.50, p<0.05) 

each exhibited linear learning curves (Figure 31). The rapid jump in performance for 

Owl Monkey 2 is reflected in the higher intercept and lower slope. For both owl 

monkeys, high performance levels were reached over a much shorter time course 

compared to original learning of the basic task (0.064 and 0.025 slopes for reversal 

learning versus 0.008 and 0.010 for the original task, respectively for Owl Monkeys 1 and 

2). 

4.3 More complicated microstimulation patterns 

4.3.1 Temporal pattern discrimination 

In the next set of experimental sessions (Figure 9), we investigated whether the 

same  owl monkeys could discriminate the temporal characteristics of intracortical  
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Figure 31: Rule reversal microstimulation task performance. Improvement in 

discrimination performance (green) of reversal task (i.e. the task in which Owl 

Monkeys 1 (A) and 2 (B) were required to switch reach direction compared to the 

basic task). Linear interpolation curves and their equations (red) are shown. For 

comparison purposes, linear interpolation curves and learning rates (blue) for the 

basic task are shown, as well. Chance performance level is 0.5 (brown). 
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microstimulation, in addition to merely being able to detect the presence of stimulation. 

Learning for Owl Monkey 1 (intercept = 0.77, slope = 0.012, r2 = 0.66, p<0.005) and Owl 

Monkey 2 (intercept = 0.70, slope = 0.020, r2 = 0.70, p<0.001) proceeded steadily, with 

initial performance above chance, but below final performance on the basic task (Figure 

32). Again, high performance levels were reached over a shorter time course than that of 

initial learning in the basic task (0.85 performance level reached on the 7th and 8th 

sessions for temporal pattern learning versus the 32nd and 39th sessions for the original 

task, respectively for Owl Monkeys 1 and 2). 

4.3.2 Spatiotemporal pattern discrimination 

In the final set of experimental sessions (Figure 10), we investigated whether the 

owl monkeys could discriminate the spatiotemporal characteristics of intracortical 

microstimulation delivered through multiple implanted electrodes. Learning for Owl 

Monkey 1 (intercept = 0.85, slope = 0.011, r2 = 0.36, p<0.001) and Owl Monkey 2 (intercept 

= 0.77, slope = 0.020, r2 = 0.65, p<0.001) reached high values during the very first 

experimental session and proceeded steadily afterwards. In this task the learning 

reached a plateau of saturated performance after around the 3rd or 4th sessions. Because 

of such quick saturation, a sigmoidal model proved to be a better fit in both cases 

(Figure 33). The respective sigmoidal fits for Owl Monkeys 1 and 2 were 
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Figure 32: Temporal microstimulation task performance. Improvement in 

performance (green) in the temporal discrimination task for Owl Monkeys 1 (A) and 2 

(B). Linear interpolation curves and equations (red) are shown. Chance performance 

level is 0.5 (brown). 
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Figure 33: Spatiotemporal microstimulation task performance. Improvement in 

performance (green) in the spatiotemporal discrimination task for Owl Monkeys 1 (A) 

and 2 (B). Linear (red) and sigmoidal (blue) interpolation curves and equations are 

shown. Chance performance level is 0.5 (brown). 
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in the previous tasks (0.85 performance level reached on the 2nd and 3rd sessions for 

spatiotemporal pattern learning versus the 32nd and 39th sessions for the original task 

and the 7th and 8th sessions for temporal pattern learning, respectively for Owl 

Monkeys 1 and 2). In Owl Monkey 1, there was significant intrasession learning during 

the first 3 sessions, with performance during the second half of each session significantly 

above the performance during the first half of the session (p<0.05). 
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5. Integrating Stimulation and Recording 

5.1 Behavioral task 

The owl monkeys performed the same reaching and grasping task described in 

the previous chapter.  The monkeys were placed in an acrylic chair enclosure within a 

sound and light limiting room as the animals are naturally nocturnal.  Two small closed 

doors were placed in front of the monkeys within reach of their right arms.  The 

monkeys’ left arms were restrained.  Before the start of a trial two Plexiglas shields were 

lowered in front of the monkey, separating it from interacting or viewing the doors.  A 

small food reward was then hidden behind one of the two doors according to a 

previously generated random sequence. (Figure 34A)  Trials started with two Plexiglas 

shields between the monkey and the doors, one opaque and one transparent.  During 

this time the food reward was hidden. (Figure 34C) The opaque shield was then lifted 

allowing the monkeys to view the closed doors.  One of two, 4 second duration 

spatiotemporal microstimulation cues was then delivered, which the owl monkeys had 

previously been trained to associate with a particular food location.  The stimulus type : 

food location rule was switched twice during the experiment, after the 10th and 20th of 

25 sessions (Figure 34D).  This aided in the dissociating of stimulus type with response 

in our predictive models.   After a 1 second delay following the end of the stimulus, the 

transparent Plexiglas shield was lifted allowing the owl monkey to make a reach to one 

of the two doors, open it, and receive the reward in the event of a correct choice.  In the  
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Figure 34: Design of simultaneous stimulation and recording owl monkey 

experiment. (A) Experimental setup outline.  The owl monkeys are placed behind two 

barriers with two closed doors in front of them, one of which hides a food reward.  

After microstimulation cues them to the food location, the barrier is raised and the 

monkeys reach and open a door.  (B) Spatiotemporal stimulus pattern.  (C) Timeline 

of a single trial.  (D) Stimulus: food reward pairing. The rule was switched after the 

10th and 20th of 25 sessions. 
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event of an incorrect choice, the following trial is a correction trial.  The food reward is 

not relocated and a new trial is begun with the same food location.  These correction 

trials are used to prevent any biased strategies on the part of the owl monkeys.  

Correction trials were excluded from any analysis of owl monkey performance, but used 

in all analyses of neural responses. 

5.2 Stimulation and recording interference 

We successfully integrated our recording and stimulation hardware. Stimulation 

pulses delivered to the electrode implant in S1 cortex produced large stimulation 

artifacts that were sufficient to saturate the recording hardware on all channels attached 

to the electrode arrays in M1, PMD, and PP cortices for a short period following a 

microstimulation pulse.  While the amplitude of the artifacts was large enough to briefly 

halt the recordings of neurons, this large amplitude with respect to the neural signals 

allowed for easy segregation of the artifacts, by both amplitude and waveform shape, 

from the desired neural recordings. This, combined with the digital pulse output from 

the microstimulation hardware, allowed for the recording of the precise timing of the 

stimulus.  By examining neural recordings from the other cortical arrays immediately 

following individual stimulation we measured the precise timing of the artifact driven 

blanking period.  For this analysis, cells which showed no significant change in their 

firing rate in response to stimulation pulses were used, as the blanking period was most 
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clearly evident in these recordings.  In Owl Monkey 1 the blanking period was 

measured to be 1.22 msec while in Owl Monkey 2 the period was 1.25 msec.  The slight 

difference likely comes from minor differences in the electrode arrays used for 

stimulation.  During this time, the recording hardware was saturated on all channels 

and virtually no neural activity was registered, occasional noise misclassification 

accounted for an insignificant (<<1%), but still present, effect on some channels.  Thus, 

even while stimulating at 100 Hz continuously, the recording hardware was able to 

accurately record and discriminate neural activity immediately after the stimulation 

artifact, resulting in a loss of only between 12 and 13% of normally recorded neural 

activity.  The remainder of the untarnished recordings was used in all following 

analysis. 

5.3 Neural responses to spatiotemporal microstimulation 

5.3.1 Overall response to stimulus pattern 

After generating PETHs for the overall stimulus response for all neurons (Figure 

35) a number of characteristic responses to the stimulus were observed.  The distribution 

of characteristic responses is shown in table 2.  

Excitation was characterized by neural activity during the stimulus that was 

greater than or equal to the baseline firing for the entire course of stimulation (Figure 35, 

upper left). Neurons that primarily exhibited excitation in response to the stimulus 

accounted for 4 of 42 recorded cells in Owl Monkey 1 and 1 of 45 in Owl Monkey 2.    
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Figure 35: Neural responses to spatiotemporal microstimulation pattern.  

Raster plots and histograms of binned neural activity averaged over 100 trials. Bin 

size was 100 msec.  The microstimulation pattern starts at time 0 and lasts for 4 

seconds.  Exemplar cells of each classified type of stimulus response are shown: 

excitation, depression, combination, and no effect.   
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Table 2: Distribution of neural responses to spatiotemporal microstimulation pattern. 

Total Stimulus Pattern Response 
 

Excitation Depression Combination No Effect 

Owl 

Monkey 1 

4 of 42 

(9.5%) 

15 of 42 

(35.7%) 

7 of 42 

(16.7%) 

16 of 42 

(38.1%) 

Owl 

Monkey 2 

1 of 45 

(2.2%) 

14 of 45 

(31.1%) 

5 of 45 

(11.1%) 

19 of 45 

(42.2%) 

 

Depression, on the other hand, was neural activity that was less than or equal to the 

baseline firing for the course of stimulation (Figure 35, upper right) and observed in 15 

of 42 and 20 of 45 cells in Owl Monkeys 1 and 2 respectively.  Cells defined as having 

combination activity had periods of activity during the stimulus that were alternatively 

significantly greater than and significantly less than baseline activity (Figure 35, lower 

left).  Such cells accounted for 7 of 42 and 5 of 45 cells in Owl Monkeys 1 and 2 

respectively.  Finally, 16 of 42 and 19 of 45 cells for Owl Monkeys 1 and 2 respectively 

showed no significant response to the microstimulation pattern (Figure 35, lower right).  

All of the neurons which did show significant responses to the microstimulation had the 

common characteristic of entrainment to secondary burst frequency of 4 Hz.  

Interestingly, the alternating periods of activity in responsive neurons were usually out 

of phase with the actual stimulus bursts (17 of 26 responsive neurons in Owl Monkey 1 

and 18 of 26 responsive neurons in Owl Monkey 2).  That is, when the bursts were 

occurring, firing rates were lower than the firing rates observed during the delay period 

before the next burst.  While some drop off (~13%) would be expected due to blanking 
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from the stimulus artifacts, comparisons to baseline activity were actually performed on 

modified baseline activity, that is, neural activity recorded not during a trial, when no 

stimulation was occurring, then with activity subtracted out to simulate the effect of 

blanking.  Additionally, cells were classified as to whether or not they showed 

significant changes in activity during the reaches performed by the monkeys.  Such cells 

accounted for 23 of 42 recorded units in Owl Monkey 1 and 7 of 45 recorded units in 

Owl Monkey 2.  Neurons with motor activity were not distributed into any stimulus 

response category significantly greater than another, that is, motor activity appeared to 

be unrelated to stimulus response. 

5.3.2 Neural responses to single current pulses within a pattern 

Finer time scale analysis of neural responses to single biphasic current pulses 

was performed using 100 μsec bins. The pulses were the individual pieces of the same 

stimulation patterns analyzed in the previous section.  Single pulse responses (Figure 36) 

also exhibited a number of characteristic responses.  Their distribution is shown in table 

3.  

Table 3: Distribution of neural responses to single biphasic microstimulation 

pulses. 

Single Stimulus Pulse Response 
 

Excitation Depression Combination No Effect 

Owl 

Monkey 1 

7 of 42 

(16.7%) 

21 of 42 

(50.0%) 

7 of 42 

(16.7%) 

7 of 42 

(16.7%) 

Owl 

Monkey 2 

11 of 45 

(24.4%) 

14 of 45 

(31.1%) 

4 of 45 

(8.9%) 

16 of 45 

(35.6%) 
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Figure 36: Neural responses to single biphasic pulses of microstimulation. 

Histograms of averaged binned neural activity following individual biphasic pulses.  

The biphasic pulse occurs at time 0 and lasts for 250 μsec.  Hardware blanking due to 

the stimulus pulse lasts longer, on the order of 1.25 msec.  Two exemplar cells of each 

classified type of stimulus pulse response are shown: excitation, depression, 

combination, and no effect.      
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Excitation was characterized by neural activity immediately following the 

blanking period that was significantly higher than baseline activity (Figure 36, 1st  row). 

Excited neurons accounted for 7 of 42 recorded cells in Owl Monkey 1 and 11 of 45 in 

Owl Monkey 2.   Neurons exhibiting depression had neural activity that was less than or 

equal to the baseline firing for the period immediately following artifact caused blanking 

(Figure 36, 2nd row), 21 of 42 and 14 of 45 cells in Owl Monkeys 1 and 2 respectively.  

Cells defined as having combination activity had both immediate excitatory responses to 

the stimulus pulses but returned to a depressed level of activity following initial 

excitation (Figure 36, 3rd row).  Such cells accounted for 7 of 42 and 4 of 45 cells in Owl 

Monkeys 1 and 2 respectively.  Finally, 7 of 42 and 16 of 45 cells for Owl Monkeys 1 and 

2 respectively showed no significant response to the individual microstimulation pulses 

(Figure 36, 4th row).  Such cells were used to determining the exact timing of the 

hardware limited artifact blanking period, 1.22 msec in Owl Monkey 1 and 1.25 msec in 

Owl Monkey 2.   

Interestingly, there was little correspondence between the classification types of 

the overall neural responses to the stimulus pattern and the low level responses to single 

pulses.  There were cells with no significant low level response to individual pulses that 

showed a significant depression over the course of the stimulus pattern, cells which 

showed depression in response to single pulses but had more complicated patterns 

overall with periods of excitation and depression, and cells which showed an obvious 
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increase in firing right after a single stimulus pulse that showed no significant change in 

response to the overall pattern.  While some of this was due to bin size differences which 

blurred out quick changes, it mostly reflects that there was no strong correlation 

between neural responses to individual pulses and neural responses to bursts.   

5.3.3 Power spectrum analysis of neural recordings 

A power spectrum of neural activity during periods of microstimulation (Figure 

37, blue trace) was performed for all neural activity averaged across all recorded single 

units.  There were two significant peaks in the power spectrum, at 4 Hz and 100 Hz, the 

two frequencies which make up the microstimulation pattern.  While both peaks were 

significantly greater than the noise floor, the peak at 4 Hz was 51.2% higher amplitude 

than the peak at 100 Hz.  For comparison purposes power spectral analysis was 

performed on background activity taken from times of no stimulation, with artificial 

blanking of 1.25 ms applied.  Analysis of artificially blanked neural signals (Figure 37, 

green trace) revealed a small peak at 100 Hz, only 41.9% as large as the peak for actual 

microstimulation, but no significant peak at 4 Hz.  In order to reach the same power 

level at 100 Hz, artificial blanking had to be increased to 2 ms (Figure 37, red trace), 

significantly greater hardware blanking than observed.  Even this higher level of 

blanking was not sufficient to produce a peak at the 4 Hz range approaching that 

observed during actual stimulation. 
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Figure 37: Power spectrum of neural activity.  Blue trace shows the power 

spectrum of actual responses to microstimulation; red and green traces show 

simulated artifact blanking of 2 msec and 1.25 msec respectively. 
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5.4 Predictions of stimulus and reach choice 

Multiple task related parameters were extracted using linear discriminant 

analysis classifier models from binned firing rates of tens of neurons. Specifically we  

decoded stimulus type, owl monkey reach choice, and actual food location.  Average 

extraction performance as a function of time with respect to both the start of the 

stimulus and the start of the motor burst are shown in Figures 38 through 40.  Food 

location (Figure 38-40, blue traces) and reach choice (Figure 38-40, green traces) are 

highly correlated due to the high performance levels of the owl monkeys (92.8% and 

94.2% for Owl Monkeys 1 and 2 respectively), and while predictions of these were not 

entirely congruent, they were not statistically significantly different from each other at 

any point (Student’s t-test p>0.05).  Stimulus (Figure 38-40, red traces) was disassociated 

from its normal correlation to food location, and by extension to reach choice, by mixing 

an equivalent number of rule reversal trials with standard rule trials in all training and 

prediction sets. 

First an LDA model with a single set of model weights at all times was tested 

(Figure 38). When time aligned to the start of the stimulus the prediction performance of 

the model for predicting stimulus type exhibited a ringing behavior for both monkeys.  

That is, the model’s performance at predicting stimulus type was alternatively 

significantly above chance and significantly below chance.  The reason for this behavior 

likely lies in the nature of the stimulus pattern.  Since the model only used the last 0.5  
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Figure 38 Predictions using linear discriminant analysis with a single set of 

model coefficients that is the same for all time points.  Predictions of stimulus type 

(red traces), owl monkey reach choice (green traces), and food reward location (blue 

traces) were made. All graphs show the average predictive performance of the models 

as a function of time over the course of a trial.  In all cases, chance prediction levels 

are shown with a grey dotted line at 0.5, since all predictions were of binary variables, 

as well as the model performance level that must be reached to be statistically 

significantly different than chance (orange dotted lines) using a Student’s t-test (p < 

0.05).   
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Figure 39: Predictions using linear discriminant analysis with a separate set of 

model coefficients for each time point.  Predictions of stimulus type (red traces), owl 

monkey reach choice (green traces), and food reward location (blue traces) were made. 

All graphs show the average predictive performance of the models as a function of 

time over the course of a trial.  In all cases, chance prediction levels are shown with a 

grey dotted line at 0.5, since all predictions were of binary variables, as well as the 

model performance level that must be reached to be statistically significantly 

different than chance (orange dotted lines) using a Student’s t-test (p < 0.05).   



 

142 

 

 

 

 

 

 

 



 

143 

 

 

 

 

 

Figure 40: Predictions using linear discriminant analysis with a growing model 

which has separate model parameters at each time point and uses neural data from the 

start of the trial up to the point at which a prediction is made.  Predictions of stimulus 

type (red traces), owl monkey reach choice (green traces), and food reward location 

(blue traces) were made. All graphs show the average predictive performance of the 

models as a function of time over the course of a trial.  In all cases, chance prediction 

levels are shown with a grey dotted line at 0.5, since all predictions were of binary 

variables, as well as the model performance level that must be reached to be 

statistically significantly different than chance (orange dotted lines) using a Student’s 

t-test (p < 0.05).   
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seconds of neural data, at any given time the model had access to the neural responses 

to the previous two stimulus bursts.  So, at the end of every EP1 to EP4 wave and the 

start of the next, the model would see EP4 induced activity followed by EP1 induced 

activity, resembling a much quicker wave in the opposite direction and skipping the 

middle pairs of electrodes.  A similar effect would occur for a EP4 to EP1 wave.  

Following the end of the stimulation period (0 to 4 seconds), prediction performance 

quickly drops off and is not significantly different from chance for either owl monkey.  

Predictions of food location and reach choice were not significantly different from 

chance until the approximate time a reach occurred but reached high levels (~90%).  

Realigning the timing of the model to the onset of movement, or the motor burst, tended 

to eliminate the precise timing of the stimulus since each trial had a different delay 

between stimulus and movement depending on the behavior of the monkey.  As such, 

the model in this case did not accurately predict stimulus prior to the movement.  

However, during the movement (after time 0) both reach choice and food location were 

accurately predicted.  Additionally, there was a brief period during the movement 

where the neural activity represented the stimulus type and predictions were 

significantly better than chance. 

The second LDA model type, with separate model coefficients at each time point 

has similar performance for predictions of food location and reach choice. (Figure 39)  

However, the addition of timing information into the model allowed the performance to 



 

146 

briefly reach statistical significance prior to the movement, during the stimulus period.  

This timing information, in the form of different coefficients at each time point enabled 

the predictions of stimulus type to be much more accurate and avoid the ringing 

behavior observed in the single weights model.  Aligning the timing of predictions to the 

movement onset lowers the model’s ability to predict stimulus type, especially in Owl 

Monkey 2 due to it’s larger range of movement onset delays (standard deviation of 0.45 

sec and 1.26 sec for Owl Monkeys 1 and 2 respectively). 

The growing LDA model (Figure 40), as expected, had the best prediction 

performance, having access to the greater amount of neural data and timing 

information.  When time aligned to the stimulus, the growing models for both owl 

monkeys reached perfect prediction levels for stimulus type soon after the start of the 

stimulus and stayed there.  For predictions of food location and reach choice both 

climbed slowly over the course of the stimulus then had a large jump in predictive 

performance at the approximately time of movement.  For Owl Monkey 1, predictions 

significantly greater than chance were reached long before the onset of movement, 

during the stimulus.  The better predictions of motor parameters for Monkey 1 were 

likely due to its greater number of motor related neurons (23) versus Owl Monkey 2 (7 

neurons).  When time was realigned to the movement onset, predictions of food location 

and reach choice hovered around the cutoff for statistical significance in both monkeys, 

until the onset of motor activity when predictions increased drastically.  Again, the 
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precise timing of the stimulus related neural activity is somewhat destroyed when the 

timing is realigned to the movement in both monkeys, in Owl Monkey 2 more than Owl 

Monkey 1.  Even so, predictions of stimulus type reach significance in both monkeys, 

though they are higher in Owl Monkey 1. 
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6. Discussion 

In the work described here, we laid the foundation for a bi-directional brain 

machine interface, with an emphasis on a BMI for the restoration of locomotion.  We 

studied: (1) the decoding of bipedal locomotion from large neuronal ensembles and (2) 

the use of microstimulation to send information directly into somatosensory cortex.  

Since both approaches were pioneering in the field, we chose the animal models which 

allowed us to quickly advance. In rhesus monkeys we investigated the extraction of 

bipedal locomotor information. And, in owl monkeys we investigated the feasibility of 

using microstimulation as the feedback channel of a future bi-directional BMI. 

6.1 Extracting locomotor information 

In this experiment, we extracted bipedal walking patterns from the modulations 

of discharge rates of rhesus macaque S1 and M1 neuronal ensembles. While such 

modulations were expected from previous studies in quadrupeds (Armstrong and 

Marple-Horvat 1996; Beloozerova and Sirota 1998; Drew 1993; Prilutsky et al. 2005; 

Widajewicz, Kably, and Drew 1994), it was not clear until the present study whether 

cortical activity would be sufficient for accurate predictions of leg kinematics and EMGs 

during bipedal walking in primates. These findings have several implications. First, we 

have demonstrated the utility of using nonhuman primates for elucidating the 

neurophysiological mechanisms of bipedal locomotion. As such, we propose that 

chronic, multi-site cortical recordings could be used in the future to elucidate the 
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neuronal mechanisms involved in upright posture control and bipedal walking. Second, 

as an implication for the BMI field, our findings provide the first proof that, in the 

future, a neuroprosthesis for restoring bipedal walking in severely paralyzed patients 

can be implemented. 

6.1.1 Cortical neuronal modulations during bipedal locomotion 

Using cortical activity rather than subcortical locomotion centers for extracting 

walking patterns is not without controversy (Prochazka et al. 2000). Although 

locomotion is conventionally recognized as a highly automated motor activity, 

subserved by spinal central pattern generators (Dietz 2001; Grillner 2006; Grillner et al. 

2008; Hamm, Trank, and Turkin 1999; Kiehn et al. 2008; McCrea and Rybak 2008; 

Yamaguchi 2004), the involvement of the cerebral cortex in gait control has been 

reported in studies conducted in rodents (Hermer-Vazquez et al. 2004), cats (Armstrong 

and Marple-Horvat 1996; Beloozerova and Sirota 1993), and monkeys (Courtine et al. 

Performance of locomotion and foot grasping following a unilateral thoracic 

corticospinal tract lesion in monkeys (macaca mulatta) 2005). Moreover, cortical 

involvement in locomotion seems to increase during more demanding tasks, especially 

those that require visual feedback (Armstrong and Marple-Horvat 1996; Beloozerova 

and Sirota 1993; Drew et al. 2008).  

Sampling from large populations of M1 and S1 neurons allowed us to analyze 

activity modulations in hundreds of simultaneously recorded neurons. Both M1 and S1 
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neurons modulated their firing rate in relationship to the stepping cycle. Firing for each 

neuron peaked at a particular phase of the stepping cycle. Given the large number of 

neurons that we recorded, it is unrealistic to examine in detail the properties of each 

neuron in order to determine which motor or sensory responses determined its step 

cycle modulations. Therefore, we used a population based approach in which cycle 

modulations of individual neurons each contributed to the extraction of the step cycle at 

every time step, and more precise extractions were obtained by combining the 

information from many neurons. We also showed the benefits of utilizing multi-site 

recordings to predict locomotion kinematic parameters. This approach was beneficial 

because neuronal modulations from different cortical areas provided the diversity and 

richness of cortical signals needed for the accurate extraction of motor parameters under 

different behavioral conditions. In this context, we consistently observed superior 

performance of neuronal populations drawn from several cortical areas compared to the 

performance of populations drawn from a single area. 

6.1.2 Extracting of multiple parameters of bipedal walking 

Walking patterns were extracted using multiple linear models. As in previous 

studies in which predictions of arm movements were obtained, NDA showed that large 

neuronal ensembles were needed for accurate predictions of leg kinematic parameters. 

Thus, larger neuronal samples were required for simultaneous extraction of multiple 

walking parameters. Small populations of relatively specialized neurons could 
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accurately extract only a subset of locomotion parameters, and additional neurons were 

required to improve the extraction of the other parameters. As a corollary to this finding, 

larger neuronal populations were required as task complexity increased. These results 

support our previous suggestion that, to efficiently control a multiple degree of freedom 

neuroprosthetic, recording the activity of large ensembles of cortical neurons will be 

necessary (Carmena et al. 2003; Lebedev et al. 2007; Wessberg et al. 2000).  

6.1.3 M1 versus S1 contributions to the prediction of leg kinematics 

Both M1 and S1 neurons contributed significantly to the predictions of leg 

kinematics. As expected, M1 modulations were more informative for predicting future 

values in the parameters of walking, whereas S1 modulations better predicted the past 

values of the parameters. However, this distinction was not absolute, particularly in 

Rhesus Monkey 2 in which accurate predictions of future values of locomotion 

parameters could be obtained from S1 activity. While repetitive nature of the movement 

may be one contributor to S1 predictive power, predictions obtained from S1 activity 

could also reflect centrally generated signals related to communication between motor 

and sensory areas and efferent copies (Chapin and Woodward 1982; Fanselow and 

Nicolelis 1999; Lebedev, Denton, and Nelson 1994).  

6.1.4 Generalized training 

The computational models of a BMI take advantage of correlations between 

neuronal firing modulations and behavioral parameters to generate their predictions. 
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These correlations do not necessarily reflect a direct relationship or causation between 

neuronal discharges and the predicted parameters (Lebedev and Nicolelis 2006). 

Consequently, a model trained under one set of conditions may not perform well when 

the conditions are changed and the correlation between the neuronal discharges and 

behavioral parameters are altered. We observed this effect when we attempted to 

predict different locomotion patterns (Figure 23). Models trained on forward walking 

did not accurately predict backward walking and vice versa. This drop in prediction 

performance occurred because of the differences in neuronal modulations during the 

step cycles of forward walking versus backwards walking (Figure 16). Such an effect 

was expected because leg dynamics change dramatically during backwards walking 

despite relatively small changes in leg kinematics (Thorstensson 1986). It was only when 

the models were trained on a wider variety of patterns that they improved their ability 

to predict more diverse behaviors. Given that motor cortical neurons may represent 

muscle activity, limb kinematics and their combinations (Kakei, Hoffman, and Strick 

1999), which all change in complex ways when behavioral paradigms are altered, this 

result is not entirely surprising. For instance, the pattern of muscle activation may 

become different for a given leg orientation in a new walking condition, and muscle-

representing neurons would introduce errors in predicted kinematics. It is only when 

the linear models are trained on several behaviors that the kinematics can be accurately 

extracted. These results suggest that in order to build a neuroprosthesis that is both 
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accurate and versatile in restoring locomotion patterns, it will be necessary to generate a 

training protocol which is varied enough so that the employed models learn to predict a 

large set of behaviors. 

6.1.5 Switching model 

While generalized training had the advantage of producing models that 

provided accurate predictions of the various behavioral paradigms included in the 

training data set, generalized models predicted with less accuracy than specific models 

designed for a single walking paradigm. To recapture some of this lost accuracy, we 

developed a switching model that selected the appropriate specific model once a switch 

in the walking paradigm was detected. Algorithms based on the idea of switching state 

spaces have been previously proposed for extracting arm movements from neuronal 

modulations (Kim et al. 2003; Wu et al. 2004).  While the switching model has many 

advantages and it increased the accuracy of predictions throughout this experiment, it 

does carry some potential drawbacks.  For variables that do not behave differently 

between behavioral paradigms, there is little lost accuracy to recapture, and segregating 

the data in the training set into smaller sections for each submodel can have a 

detrimental effect, that is, the lower quantity of training data can produce a less accurate 

model.  Additionally, the performance of the switching model is heavily dependant on 

the performance of the state predicting model that chooses which kinematic submodel is 

selected 
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6.1.6 Real time BMI for reproduction of locomotion patterns 

Since the long-term goal of this research is to build a neuroprosthetic device for 

the restoration of locomotion in paralyzed subjects, we tested the performance of our 

decoding algorithm using a real-time BMI suite that incorporated MAP recording 

hardware (Plexon Inc., Texas, USA), a custom wireless video tracking system and a set 

of real-time prediction algorithms. The BMI suite sampled the activity of up to 512 

neuronal units and converted this neuronal activity into the predictions of multiple 

degree of freedom kinematic and behavioral parameters. The BMI suite streamed the 

predictions using an internet protocol. The successful implementation of this apparatus 

allowed us to obtain a proof of concept that a real-time BMI for the reproduction of 

locomotion can be implemented in the future as the core of a neuroprosthetic device 

aimed at restoring bipedal locomotion in severely paralyzed patients.   

6.2 Encoding information with microstimulation 

In this series of experiments with owl monkeys, we demonstrated that 

spatiotemporal patterns of microstimulation delivered to S1 through chronically 

implanted microelectrode arrays can convey useful information to the brain. Our 

experiments spanned several months. The owl monkeys progressed from learning to 

merely detect the presence of microstimulation to discriminating spatiotemporal 

patterns. The more they practiced, the easier it became for them to interpret novel 

microstimulation patterns. These results suggest that multichannel microstimulation has 
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strong potential to provide the sensory feedback that will form an integral part of future 

bi-directional BMI applications. 

6.2.1 Does microstimulation evoke perception? 

Numerous publications have raised the question of whether electrical 

microstimulation of sensory areas evokes perceptions (Liu and Newsome 2000; Ohara, 

Weiss, and Lenz 2004; Otto, Rousche, and Kipke 2005; Romo et al. 2002; Romo et al. 

2000; Romo et al. 1998; Tehovnik and Slocum 2005). Romo et al. (Romo et al. 1998), who 

studied single-channel  acute microstimulation of S1 in rhesus monkeys, made a strong 

argument in favor of perceptions evoked by microstimulation being similar to those 

evoked by skin vibrotactile stimulation. Their rhesus monkeys had no difficulties 

comparing sensations evoked by vibrotactile stimulation to those evoked by S1 

microstimulation and detecting the instances in which the frequency of microstimulation 

pulses matched the frequency of vibration. 

The owl monkeys in our experiments initially did not perform as well as the 

rhesus monkeys in the study of Romo et al. (Romo et al. 1998) after vibrotactile stimuli 

were replaced by microstimulation. This occurred despite the fact that both owl 

monkeys were previously overtrained in the reaching task cued by arm vibration. One 

possible explanation for the inability of owl monkeys to generalize the previously 

learned task to the microstimulation cue is that the owl monkeys may have experienced 

vibration-like sensations on their hands instead of their arms, where the mechanical 
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vibrators had previously been placed. Another possibility is that microstimulation did 

not feel like vibration. In either case, the initially poor performance was probably related 

to the inability of owl monkeys to generalize the previously learned task to a somewhat 

different somatosensory cue. 

The difference between the previously used skin vibration and the 

microstimulation cue, however, did not prevent the owl monkeys from learning the task 

under the novel conditions. In addition to learning the basic task, they learned the 

reversal, temporal, and spatiotemporal discrimination tasks. Significantly, learning in 

each new task occurred much more rapidly compared to the previous one. Perhaps with 

long-term usage of microstimulation, the sensation that it evoked became more vivid. In 

support of this suggestion, use of a tactile stimulation as a channel for artificial vision 

was reported to allow subjects to develop qualitatively new perceptions (Bach-y-Rita 

1983; Segond, Weiss, and Sampaio 2005). 

6.2.2 Does microstimulation disrupt neural processing? 

Although the owl monkeys in our experiments learned to discriminate the 

patterns of multichannel microstimulation, electrical stimulation can be disruptive for 

neural processing, preventing or biasing normal behavior. Cortical functioning can be 

disrupted by both transcranial magnetic stimulation (Valero-Cabre, Rushmore, and 

Payne 2006) and microstimulation (Histed and Miller 2006). We did not observe any 

deficits in motor performance or any bias to reach to a specific target following 
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stimulation. We therefore conclude that disruption of neural processing, even if it 

affected the sensation from the owl monkeys’ hands, did not have a role in the reaching 

task.  

6.2.3 Stimulation parameters 

Our psychometric measurements demonstrated that owl monkeys’ ability to 

discriminate microstimulation patterns is similar to that previously reported in the 

studies of discrimination ability of rhesus monkeys using peripheral stimuli (LaMotte 

and Mountcastle 1975) and cortical microstimulation (de Lafuente and Romo 2005; 

Murasugi, Salzman, and Newsome 1993). As in previous studies, owl monkey 

performance for different stimulus amplitudes was well described by a sigmoidal curve. 

The psychometric curves that we, and others, obtained can be generally recommended 

for choosing microstimulation parameters in neuroprosthetics that attempt to create an 

artificial somatosensory channel. 

6.2.4 Long-term effects 

Running the microstimulation sessions for many days did not result in any 

neurological problems in the owl monkeys or deterioration in performance, which could 

be expected if microstimulation caused significant electrolytic damage to cortical tissue 

(Liu et al. 1999). On the contrary, with prolonged usage of microstimulation, 

performance steadily improved and eventually surpassed the levels previously 

observed for vibrotactile cues. The arrays in S1 used for stimulation were able to record 
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multiunit activity throughout the study. The recording quality at stimulation sites 

remained at the initial level.  Electrode arrays not used for stimulation remained viable 

for higher quality recordings and showed no observable changes following long term 

stimulation on the implanted S1 arrays. Such long-term stability makes S1 

microstimulation a sound candidate for creating an artificial somatosensory channel in 

neuroprosthetic applications. 

6.2.5 Task reversal 

The ability of owl monkeys to reverse reach direction in the task cued by 

vibratory stimulation was demonstrated previously (Sandler et al. 2004). In this study 

we showed that owl monkeys can do the same reversal when arm reach direction is 

cued by microstimulation. Such flexibility of behavioral response makes 

microstimulation a promising candidate for neurophysiological studies of rule 

representation and decision-making (Muhammad, Wallis, and Miller 2006; Wise and 

Murray 2000). Indeed, the delivery of microstimulation pulses can be controlled 

precisely, and the subsequent neural responses measured in different brain areas. In 

combination with manipulations of behavioral rules imposed by the task, such an 

approach could be very productive for elucidating the neuronal computations in 

between the stimulus arrival and the behavioral response. Furthermore, by using 

microstimulation at different neural processing stages, more can be learned about the 

specific layout of cortical circuitry and processing. 
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6.2.6 Discrimination of temporal patterns 

Our demonstration that owl monkeys can learn to discriminate temporal 

characteristics of microstimulation is in agreement with the ability of rhesus monkeys to 

discriminate the frequency of S1 microstimulation (Romo et al. 2002). However, it is 

noteworthy that the stimuli that Romo et al. (Romo et al. 2002) used contained different 

numbers of microstimulation pulses (i.e. different charges injected in the cortex) whereas 

in our experiments the number of pulses was kept constant, which ensured that the 

monkeys based their discrimination on the temporal pattern of the stimulus rather than 

on its intensity. 

6.2.7 Discrimination of spatiotemporal patterns 

In this study, we demonstrated for the first time that owl monkeys can learn to 

discriminate spatiotemporal characteristics of cortical microstimulation created using 

multiple implanted electrodes. This suggests that there is depth and complexity to the 

animals’ ability to ’read out’ microstimulation patterns. Adding the spatial dimension to 

the viable cortical microstimulation discrimination space significantly increases the 

potential throughput of information delivery to the brain. Indeed, by varying both 

temporal patterns of microstimulation and cortical sites to which it is delivered, as well 

as by taking advantage of stimulating selected cortical sites simultaneously, one can 

hope to significantly increase the amount of information conveyed to the brain in real 

time. Therefore we suggest that multichannel microstimulation can be used in 
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neuroprosthetic devices for delivery of complex, spatially and temporally-modulated 

signals to the brain. Information transfer rates that can be attained using 

microstimulation are of critical importance for neuroprosthetic applications. Although 

our present estimation of the information capacity of multichannel microstimulation 

was limited by the modest learning ability of owl monkeys, our results indicate that the 

microstimulation “vocabulary” is extendable. Indeed, the monkeys learned new 

microstimulation patterns with progressively improving ease. Therefore we expect that 

these owl monkeys would be able to learn a vocabulary of at least ten different 

spatiotemporal stimuli – a number that almost certainly can be by far exceeded by 

human users of sensorized neural prostheses. The bandwidth of spatiotemporal patterns 

suitable for information delivery to the brain will have to be explored in future studies – 

both in temporal and spatial dimensions. In these experiments, we used relatively long, 

stereotypic and repetitive microstimulation trains. It is possible that the very initial 

portions of these trains were sufficient for successful discrimination. In practical 

applications, information transfer rates could be increased by using much shorter 

microstimulation patterns with larger variability in their spatiotemporal structure. 

6.3 Integration and interaction of stimulation and 

recording 

In this final experiment we successfully demonstrated an integration of 

stimulation and recording technogies for a bi-directional BMI application. While 
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stimulation pulses was a significant effect on our recording hardware, resulting in an 

inability to record any neural activity for a brief period after each microstimlation pulse, 

the majority of neural data was recorded successfully and all stimulus artifacts were 

easily sorted out from the neural spikes.  The owl monkeys were able to successful 

interpret microstimulation cues and our neural models were able to successfully predict 

a number of task parameters.  Further, our analysis of neural responses provides insight 

for designing microstimulation patterns for future BMI applications. 

6.3.1 Encoding principles for an artificial sensory channel based 
upon cortical microstimulation 

To be able to advance in the challenging tasks of replacing or providing new 

somatosensory sensations, we need to have a basic understanding of the responses that 

temporally patterned microstimulation produces in somatosensory cortical areas and the 

mechanisms by which the brain can use these responses to guide behavior. It would be 

naïve to expect that neuronal activity patterns evoked by microstimulation would match 

normal somatosensory patterns. For instance, given the very complex excitatory and 

inhibitory effects produced by microstimulation (Butovas and Schwarz 2003), it would 

be hard to reproduce rate encoding features in S1 (Romo et al. 2002) using 

microstimulation. Increases in the frequency of microstimulation may not affect the total 

number of spikes firing in a predictable way, as excitatory periods begin to interfere 

with inhibitory periods. However, certain temporal patterns (Lebedev, Denton, and 

Nelson 1994; Mountcastle, Steinmetz, and Romo 1990; Mountcastle et al. 1969) can be 



 

162 

faithfully reproduced by cortical neurons. Indeed, during microstimulation, neuronal 

responses of cortical cells are clearly entrained to microstimulation pulses (Butovas and 

Schwarz 2003), which provides a tool to deliver to the brain a variety of temporally 

patterned signals. Although the effect of microstimulation on average neuronal rates is 

somewhat unpredictable due to the aforementioned excitatory-inhibitory interactions 

(Butovas and Schwarz 2003), it is more certain that groups of neurons in the stimulated 

area would entrain their activity to microstimulation patterns. Such synchronous, 

temporally patterned activity can then propagate to subsequent processing stages in the 

brain (Tehovnik et al. 2006). Here we investigated not the neural responses in the 

directly stimulated area, but rather its affect in the surrounding areas that the activity 

propagates into.  Since the end goal of this research is a functional one, that of 

developing towards a bi-directional brain machine interface for the restoration of 

walking, it is important that we evaluate the effects that S1 microstimulation has on the 

motor areas that our decoding models use to extract kinematic intentions. 

6.3.2 Neural responses to stimulation 

While the direct response to microstimulation has been studied (Asanuma, 

Arnold, and Zarzecki 1976; Butovas and Schwarz 2003; Stoney, Thompson, and 

Asanuma 1968), the neurons recorded here are in entirely different cortical areas (M1, 

PP, PMD) than that being stimulated (S1) and are more important for the decoding side 

of BMIs. Excitation drops off with the square of distance between electrode and soma 
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and direct stimulation usually reaches on the order of 100  μm from the electrode 

(Stoney, Thompson, and Asanuma 1968), meaning the recorded activity is not directly 

stimulated by the current pulses.  As such, the recorded activity is likely second order or 

greater, separated by synapses from the directly induced activity.  This makes it 

somewhat difficult to draw exact conclusions about the nature of the invoked activity 

and its relationship to what we have recorded.  That being said there is evidence of the 

nature of the directly invoked activity in the activity recorded in more remote cortical 

regions.  The direct response to stimulation in surrounding cortical tissue has been 

found to be triphasic (Butovas and Schwarz 2003).  First there is a very brief (<5 msec) 

excitatory response, followed longer term (>100 msec) depression in activity, and then, 

for higher stimulus intensities, an excitatory rebound in activity after the depression 

wears off.  Since the depressive effect is longer lasting than the initial excitation, it is 

unsurprising that we tend to see more cells exhibiting depressed responses in the 

cortical areas we recorded from.  Further, the increases of activity observed between 

stimulation bursts are likely the effect of the rebound activity following the end of the 

period of depression.  This longer lasting excitatory period is likely the reason that there 

is such a large peak in the power spectrum at 4 Hz.  Since this activity seems to have a 

larger effect than the initial excitation on other cortical areas, this may provide 

significant insight to guide the design of future microstimulation patterns.  It is not a 

huge leap to postulate that if this secondary frequency, due to rebound activity, is 
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stronger represented in neural activity, then perhaps it is a more salient aspect of the 

microstimulation signal.  Anecdotally, in the temporal pattern discrimination task, the 

owl monkeys learned cues which altered the secondary burst frequency at a faster rate 

than they learned to initially distinguish microstimulation from no microstimulation.  

Further experimentation will have to be performed to determine if low frequency bursts 

designed to take advantage of rebound activity will improve discrimination 

performance.  

6.3.3 Effectiveness of predictive models during microstimulation task 

The linear modeling techniques used here for classification were very similar to 

the predictive models in our locomotor kinematic decoding BMI to predict analog 

variables, relying on the same neural firing rate binning technique.  The effectiveness of 

our LDA models during and after stimulation proves that microstimulation does not 

prevent the operation of our modeling techniques and provides a proof of concept for 

how these two techniques could be joined in a future bi-directional BMI for the 

restoration of walking.  This study lends strength to the practicality of using 

microstimulation as the feedback channel in a future neuroprosthesis and provides a 

template for dealing with electrical artifacts in a practical BMI system. 

6.4 Implications for bi-directional brain machine interfaces for 
the restoration of walking  

Based on the results of our studies, we propose an approach to restore 

locomotion in patients with lower limb paralysis that relies on using cortical activity to 
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generate locomotor patterns in an artificial actuator, such as a wearable exoskeleton 

(Figure 27C) (Fleischer et al. 2006; Hesse et al. 2003; Veneman et al. 2007). This approach 

may be applicable to clinical cases in which the locomotion centers of the brain are 

intact, but cannot communicate with the spinal cord circuitry due to spinal cord injury. 

The feasibility of employing a cortically driven BMI for the restoration of gait is 

supported by fMRI studies in which cortical activation was detected when subjects 

imagined themselves walking (Bakker et al. 2008; Bakker et al. 2007; Iseki et al. 2008; 

Jahn et al. 2004) and when paraplegic patients imagined foot and leg movements 

(Alkadhi et al. 2005; Cramer et al. 2005; Hotz-Boendermaker et al. 2008). Event-related 

potentials also demonstrated cortical activations in similar circumstances (Halder et al. 

2006; Lacourse et al. 1999; Muller-Putz et al. 2007). Further support for this idea comes 

from recent studies of EEG-based brain-computer interfaces for navigation in a virtual 

environment in healthy subjects (Pfurtscheller et al. 2006) and paraplegics (Enzinger et 

al. 2008).  

While a cortical BMI based neuroprosthesis that derived all its control signals 

from the user would have to cope with the lack of signals normally derived from 

subcortical centers, such as the cerebellum, basal ganglia and brainstem (Grillner 2006; 

Grillner et al. 2008; Hultborn and Nielsen 2007; Kagan and Shik 2004; Matsuyama et al. 

2004; Mori et al. 2000; Takakusaki 2008), these problems may be avoided by an approach 

which only derives higher level leg movement signals from brain activity, while 
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allowing robotic systems to produce a safer, optimum output. The challenge of efficient 

low-level control could be overcome by implementing “shared brain-machine” control 

(Kim et al. 2005), i.e. a control strategy that allows robotic controllers to efficiently 

supervise low-level details of motor execution, while brain derived signals are utilized 

to derive higher-order voluntary motor commands (step initiation, step length, leg 

orientation). 

Further, we propose that cortical microstimulation be used in such a BMI to feed 

back information from the robotic limb or exoskeleton to the user’s brain directly. 

Although it would probably be impossible to replicate naturally occurring neural 

activity with current pulses emanating from metal electrodes inserted into the brain, the 

fidelity of transmission from electronic transducers is more than sufficient for a variety 

of simple information that could drastically improve the accuracy, operation, and 

learning curve of such a bi-directional BMI.  Even the limited single bit of information 

demonstrated in our owl monkey experiments could be used to transmit foot contact 

information, allowing the user to have some “feeling” of ground interactions.  Extending 

this artificial sensation into more analog ground force readouts with future increases in 

the bandwidth of microstimulation information would no doubt enhance the stability of 

a patient using such a device. 

Further, a cortically-driven BMI for the restoration of walking may become an 

integral part of other rehabilitation strategies employed to improve the quality of life of 
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patients. In particular, it may supplement the strategy based on harnessing the 

remaining functionality and plasticity of spinal cord circuits isolated from the brain 

(Behrman, Bowden, and Nair 2006; Dobkin et al. 1995; Grasso et al. 2004; Harkema 2001; 

Lunenburger et al. 2006). Indeed, cortically-driven exoskeletons may facilitate spinal 

cord plasticity, helping to recover locomotion automatisms. Additionally, cortically 

driven neuroprostheses may work in cohort with rehabilitation methods based on 

functional electrical stimulation (FES) (Hamid and Hayek 2008; Nightingale et al. 2007; 

Wieler et al. 1999; Zhang and Zhu 2007). In such an implementation, the BMI output 

could be connected to a FES system that stimulates the subject’s leg muscles. Finally, 

there is the intriguing possibility of connecting the BMI to an electrical stimulator 

implanted in the spinal cord, a strategy that may help induce plastic reorganization 

within these circuits. 

Altogether, our results indicate that direct linkages between the human brain 

and artificial devices may be utilized to define a series of neuroprosthetic devices for 

restoring the ability to walk in people suffering from paralysis, improving quality of life 

for users of those devices in ways both measurable and immeasurable. 

6.5 Future Directions 

The studies presented here have both proven the feasibility and provided a 

foundation for a bi-directional BMI.  Our novel contribution to the BMI field was two-

fold. First, we demonstrated a BMI for bipedal locomotion, that could help resotre 
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walking.  Second we demonstrated long-term performance of a spatiotemporal 

microstimulation device that could be integrated with our recording techniques.  

Evidently, there is still much scientific exploration to be done before we achieve a lower 

limb neuroprosthesis capable of mimicking all functions of a natural leg.   

On the decoding and control side, a more complex locomotor task could be 

implemented to investigate movements of the leg other than locomotion, movements 

that are less stereotyped, like steps to specific locations on the floor around the monkey.  

These less repetitive movements may be even more strongly represented cortically and 

will help evaluate decoding techniques in a more varied environment closer resembling 

the real world.  Further, such a task would allow for a more trial driven structure that 

could allow a more systematic reward and feedback delivery protocol, and thus lead to 

faster learning and incorporation of a robotic prosthesis into the motor and sensory 

cortical representations of the monkeys. 

From an encoding information with microstimulation standpoint, possible next 

steps include studies which extend the bandwidth of this artificial sensory channel, or 

move from a cue-response setup to a continuous feedback mode.  In this way the 

microstimulation would behave more akin to natural sensation.  One possible 

experiment would be one in which the monkeys are faced with several closed doors and 

are allowed to reach out and touch the doors with a single arm.  Touching a door would 

send a microstimulation signal to the monkey’s brain which would indicate whether the 
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food reward was hidden behind that door.  This would be the rough equivalent to a sort 

of heat sense, think of reaching out to test several cups of coffee and finding the hot one.  

The monkey, having found the door hiding the reward could then open it and receive 

their reward. 

Given that the end goal of this research involves the creation of neuroprostheses 

that integrate recording and microstimulation, as decoding and feedback respectively, 

integrating our findings and adding microstimulation feedback to a locomotor stepping 

task is a logical step for the future.  As an initial integration, the monkey could control 

leg movements of a humanoid robot, receiving microstimulation feedback when the 

robotic foot touches a targeted area that has been visually cued.  Such an experiment 

would continue to shed light on how such techniques would be integrated in a real-

world human application  

6.6 Summary 

These results present several significant advances towards our understanding of 

the cortical mechanisms of locomotor control and the usage of microstimulation to 

transmit sensory information directly into the brain.  Further they have shown the 

feasibility of an integration of recording and microstimulation technologies in a BMI 

setting.  Our findings pave the road towards studies that will lead to more capable BMIs, 

devices that will one day behave, feel and interact with our bodies in the same high 

fidelity way as our natural limbs.  There is still much work to be done before bi-
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directional BMIs are readily available to the tens of millions worldwide suffering from 

limited locomotor function due to spinal cord injury, stroke, or amputation. The studies 

presented here strongly support the viability of the proposed approach.  Therefore, we 

envision that in the future sensorized neuroprosthetic devices will be clinically 

implemented to restore a broad range of motor behaviors from bipedal walking to fine 

manipulative skills. 
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