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Brain-computer interfaces (BCIs) translate neural signals into machine commands for ap-

plications such as non-verbal communication, brain-controlled prostheses, motor rehabilita-

tion, and even entertainment. However, there are knowledge gaps and practical limitations of

non-invasive (e.g. electroencephalographic) and invasive (e.g. electrocorticographic (ECoG))

BCIs that need to be addressed before these devices can be used by patients, clinicians, and

the community. For example, it was unclear whether BCI use is safe and effective for post-

stroke movement physiotherapy, so we conducted a phase I clinical trial in stroke survivors

demonstrating that non-invasive BCI physiotherapy does not worsen gait function, and may

even be beneficial. However, for BCIs to be widely adopted by patients and clinicians for

at-home/outpatient rehabilitation, they need to be available as small, portable, inexpensive

systems. Therefore, we developed one such system and showed that these design constraints

do not compromise decoding performance compared to large, expensive conventional BCIs.

For individuals with paraplegia or tetraplegia due to spinal cord injury (SCI), invasive BCIs

are ideal for prosthetic use (e.g. exoskeleton control of limb movements/walking) due to their

superior spatiotemporal resolution (and therefore decoding accuracy) and their capacity to

restore proprioceptive movement sensation. For practical reasons, these BCIs should be de-

veloped as implantable systems. However, current digital signal processors that are amenable

xv



to implantation have limited computational resources for decoding. Therefore, studies that

enhance our understanding of the electroneurophysiological changes during movements are

needed in order to design efficient and effective hardware/software for implantable BCIs. In

one preliminary ECoG study, we demonstrated that the amplitude of γ-band (40-200 Hz)

signals from the motor cortex (M1) was associated with force output during upper-extremity

movements. In another study, we observed that the amplitude and envelope frequency of

leg M1 γ-band signals were related to the duration and stepping rate of human walking.

Findings such as these can be incorporated into the design of future, fully-implantable BCI

prostheses for restoring movement in SCI survivors.
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Chapter 1

Introduction

Brain-computer interfaces (BCIs) translate neurophysiological signals from the brain into

machine commands for controlling devices, such as wheelchairs or prostheses. For example,

a BCI system designed to reestablish walking in individuals with paraplegia could capture

the brain signals related to standing, walking, changing direction, etc. and translate these

into commands for a robotic exoskeleton. Historically, BCI systems were developed for

individuals with severe motor diseases, such as brainstem stroke, high-cervical spinal cord

injury, or ventral pontine (“locked-in”) syndrome from amyotrophic lateral sclerosis (ALS), to

provide a mode of non-verbal communication with the outside world or to enable operation of

neuroprosthetic devices [331]. Recently, the field has undergone rapid expansion [185, 102,

67] and commercialization [2]. Now BCIs are being used not only for orthotic/prosthetic

control and communication, but also for a variety of other applications, including motor

rehabilitation and entertainment [196]. In 2016, there were >4.5 times as many publications

that referenced BCIs compared to 10 years prior. Despite the rapid growth of the BCI

field, there are still many obstacles preventing these systems from being used clinically. In

the following chapters, we provide some of the findings from our own studies that could

contribute to the future development of clinically-useful movement-based BCIs, especially in
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the context of stroke rehabilitation and SCI prostheses.

To be a true BCI, a system must be able to perform three basic functions. These functions,

in order, are: 1) signal acquisition, 2) signal decoding, and 3) output device control. These

are depicted in Figure 1.1. Briefly, the system must first acquire the brain signals from the

scalp, arachnoid membrane, or gray/white matter so that they can be used by the decoder.

The decoder is typically a computer or digital signal processor (DSP) that distinguishes the

user’s intentions based on their neural signals by utilizing a variety of statistical methods.

Lastly, the decoded intentions are translated into machine commands that control an output

device, which can be as simple as an LED light or as complicated as a robotic exoskeleton,

depending on the application. Each of these functions is described in further detail below.

1.1 Signal Acquisition

There are currently many recording modalities used for BCIs, but all of them fall into one

of two categories: non-invasive techniques and invasive techniques (see [302] for a detailed

review). While non-invasive recordings are safer, since no recording equipment is surgically

implanted beneath the user’s skull, they have limited spatiotemporal resolution compared

to invasive recordings. Therefore, non-invasive BCIs are ideal for short-term use, such as for

outpatient rehabilitation or entertainment, where decoding accuracy is not critical. Invasive

BCIs, on the other hand, are ideal for chronic use as well as accuracy-critical applications.

1.1.1 Non-invasive Techniques

Positron electron tomography (PET), single-photon emission computed tomography (SPECT),

functional near-infrared spectroscopy (fNIRS), and functional magnetic resonance imag-

ing (fMRI) are non-invasive recording techniques that directly or indirectly measure the
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Figure 1.1: Operational diagram of a typical BCI. Brain signals are first acquired via non-
invasive techniques, such as electroencephalography (EEG), invasive techniques, such as
electrocorticography (ECoG) or intracortical microelectrode arrays (MEAs). These signals
are then decoded by a computer or digital signal processor into commands that are sent
to an output device (such as an external assistive device). Visual, auditory, tactile, and
proprioceptive feedback from the device inform the user about their level of BCI control.
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metabolic activity of tissue. Because PET and SPECT require injection of radioactive trac-

ers, they are not practical for repetitive BCI use. On the other hand, fNIRS [60, 283, 211, 212]

and fMRI [341, 323, 133, 44, 282, 286] have already seen use in BCI applications. However,

all these techniques are technically demanding and have low temporal resolution (seconds-

minutes).

Magnetoencephalography (MEG) and electroencephalography (EEG) are non-invasive tech-

niques that measure changes in the magnetic/electric fields caused by neuronal activity

(albeit tangential to the head surface for MEG and perpendicular to the head surface for

EEG). While both techniques have moderate temporal resolution (∼centiseconds [302]),

MEG may have a slight advantage since the dura, skull, and scalp together have the effect

of selectively attenuating high-frequency electric fields but not the complementary mag-

netic fields [225]. While MEG has been used in BCI applications [194, 35], it is technically

demanding and, like PET, SPECT, and fMRI, requires enormous, non-portable machines

that are extremely expensive (between $100,000 and $10,000,000). Therefore, EEG, with its

low cost, relative portability, and moderate temporal resolution, has been by far the most

popular type of noninvasive BCI, and has been used in many of the field’s seminal works

[100, 334, 240, 332, 87, 216, 333, 268, 29, 66].

Electroencephalography

Scalp EEG signals reflect the spatially-summated activity from the local extracellular envi-

ronments (local field potentials (LFPs)) of ∼100 million neurons [152, 224]). In particular, it

is thought that the slow-varying synaptic currents of nearby neurons have enough temporal

overlap with one another to contribute substantially to the LFPs, unlike the fast (<2 ms)

action potentials [38]. Because the EEG measures electrical potentials at the scalp (Figure

1.2), only brain activity <40 Hz can be easily detected [267]. This is actually unrelated to

any low-pass filtering properties of the dura/skull/scalp, and is simply a result of spatial
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smearing caused by the large distance between the electrodes and the neuronal signal gen-

erators. Specifically, coherent high-frequency signals that originated from cortical neurons

are unlikely to be detected on the scalp above the noise floor [239, 127, 119], especially

since these signals are initially low-amplitude (1/f frequency scaling of power [19]) and the

skull further attenuates them [119]. Note, however, that the skull’s attenuation appears to

be independent of frequency at least up to ∼1 kHz [227], so it does not act strictly as a

low-pass filter. Nevertheless, the inability to capture high frequencies with EEG is unfor-

tunate because these signals are highly correlated to the spiking activity of small groups

of neurons [254, 203, 38] and carry a substantial amount of information that can greatly

enhance decoding accuracy [65, 267, 203]. In the primary motor cortex (M1), high frequency

signals contribute most to decoding accuracy [314] and provide complex movement informa-

tion (e.g. trajectories) [168, 136, 265, 135, 56, 1]. In addition to limited temporal resolution,

scalp EEG has only moderate spatial resolution (5-9 cm [223, 12]). This limits the number of

degrees-of-freedom (DOFs) that can be controlled using an EEG-based BCI. For example, in

M1, the motor representation areas are small, highly distributed, and can overlap [271, 297],

so distinguishing between precise motor movements, which requires a spatial resolution of

only a few millimeters [147, 167, 107, 148], is impossible with EEG.

Another limitation of EEG is that it is highly susceptible to biological artifacts such as eye

blinks, ocular movements, and electromyographic (EMG) contamination [327, 15, 267] as

well as motion artifacts [47, 154]. For example, when EEG is recorded from subject who is

walking on a treadmill, stepping artifacts are present in the data up to ∼30 Hz [47], and cause

wideband EEG power changes that are indicative of motion artifact contamination [47, 154].

Therefore, it can be difficult determine whether EEG recorded during a movement task

represents true brain physiology instead of biological or motion artifacts. Many studies have

attempted to remove these biological [186, 101, 272, 221] and motion [124, 276, 154] artifacts

from the data through various methods. These include independent [186, 124] and spectral

[276] component analysis. However, the resulting signals are highly processed so it may
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be unreasonable to use them to make inferences about true human electroneurophysiology.

Moreover, they may still contain biological or motion [154] artifacts.

1.1.2 Invasive Techniques

Invasive BCIs rely on electrodes that are surgically implanted beneath the skull. Electrocor-

ticographic (ECoG) electrodes are placed on top of the arachnoid membrane, while micro-

electrode arrays (MEAs) are embedded in the cortex. For certain clinical indications, such

as Parkinson’s disease, individual micro-electrodes are inserted into deep brain structures,

such as the basal ganglia, for recording and stimulation. All these invasive techniques mea-

sure summated LFPs primarily caused by synaptic currents, similar to EEG. However, only

hundreds-of-thousands of neurons contribute to the signal at each ECoG electrode, while

<1000 neurons contribute to the signal at each micro-electrode [224]. In fact, some neuronal

spiking activity can even be seen in micro-electrode data [233]. Because invasive recordings

require electrodes to be implanted beneath the skull, they are not as safe as noninvasive tech-

niques and generally are only performed out of clinical necessity. However, these techniques

have excellent temporal resolution and can accurately detect high-frequency brain signals up

to 1 kHz. From prior studies, it appears that high frequency brain signals (especially the 70-

200 Hz band) contribute more to BCI decoding accuracy than lower frequency signals [314].

Furthermore, these high frequency signals appear highly correlated to the spiking activity

of underlying neurons [255]. In addition, the spatial resolution of ECoG grids (∼1 mm) and

MEAs (<1 mm) are vastly superior to that of EEG. This allows invasive BCIs to control of

multi-DOF output devices. For example, in the BrainGate clincial trials, tetraplegic individ-

uals with intracortical MEAs were able to control a 6-DOF robotic arm [136, 135]. Similarly,

in two other studies, patients with severe tetraparesis or tetraplegia have successfully utilized

MEAs on their motor cortex [56] or posterior parietal cortex [1] to control a robotic arm.

While these studies suggest that long-term implantation of micro-electrode arrays is safe in
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Figure 1.2: Electric fields originating in the cortical layers can be recorded by electroen-
cephalographic (EEG) electrodes, after passing through the meninges, skull, and scalp, or
by electrocorticographic (ECoG) electrodes, after passing through only the pia and arachnoid
meningeal layers.
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humans [136, 135], MEA signal quality (especially for spiking activity [312]) does degrade

over time. This is likely caused by a foreign-body immune response to the electrodes that

culminates in glial scarring and eventual signal degradation [26, 103]. For example, in the

BrainGate clinical trials, the offline decoding accuracy decreased at a rate of ∼5% per month

due to the fall-off in spiking unit number and quality [233]. ECoG electrodes, on the other

hand, exhibit no substantial degradation in signal quality over time [48, 335]. This makes

ECoG the ideal choice of recording modality in BCIs where long-term use is anticipated and

where high decoding accuracy is critical.

Electrocorticography

The subdural placement of ECoG electrodes (Figure 1.2) provides a direct measure of corti-

cal activity with high signal-to-noise ratio (SNR) and high spatiotemporal resolution [267].

Furthermore, it makes ECoG much less sensitive to biological artifacts (e.g. blink artifacts,

ocular movements, and EMG) [15, 267] compared to EEG. Lastly, because the grids are held

tightly in place, either by pressure from the overlying dura and skull or by sutures to the

surrounding intact dura, it is expected that motion artifacts are also reduced in ECoG.

1.1.3 Amplification

Both EEG signals from the scalp and ECoG signals from the arachnoid membrane must be

amplified from µV to V before they can be used by a computer or DSP for decoding. For-

tunately, bio-amplifier development is an established field (having been around since ∼1930

[57]), and many research-grade (e.g. BrainAmp, EEG100C, Nexus-32) and hobby-grade (e.g.

OpenBCI, Emotiv, NeuroSky) amplifiers exist today. These systems can faithfully amplify

EEG and ECoG signals without substantial contamination from either environmental or

circuit noise.
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1.2 Decoding

To control an output device, BCIs translate noisy, time-series signals from EEG/ECoG/MEAs

into machine commands through a process known as decoding. For example, a very simple

type of decoder, a 2-state classifier, can be used to determine when a BCI user intends to

move their arm or remain in the resting state, based on their neural signals. More complex

decoders can use continuous models to predict the trajectory or even strength of their arm

movement. However, while EEG signals can be robustly decoded into a few (approximately

≤5) discrete classes, higher resolution signals (such as ECoG) are needed for continuous

decoding models.

1.2.1 Neural Features

One important consideration when designing a BCI is to choose a specific feature of the

neural signals that will be analyzed by the decoder based on the system’s desired application.

Currently, there are ∼5 types of electrophysiological features that commonly used by BCI

decoders. Visually evoked potentials (VEPs), originally discovered in 1966 [256], can be

used robustly in BCI applications [306, 307, 290], but the setup requires that multiple lights

or graphical display regions, which flicker at different rates, be positioned within the user’s

visual field. Therefore, these systems have historically been used by individuals immobilized

due to severe motor impairment (e.g. “locked-in” ALS patients with intact extraocular

movements) for communication with others and for controlling their living environment.

Another common type of BCI decoder for applications involving non-verbal communication

detect P300 “oddball” responses. In this paradigm, a positive event-related potential (ERP)

appears in the parietal area ∼300 ms after a rare/unexpected visual or audio cue is given to

the user. In a simple example, a user is positioned in front of a 2×2 array of words, where

each word flickers rarely, randomly, and never at the same time as another word. If the user
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focuses on one of the four words, eventually (within a few seconds) the word will flicker, and

a P300 response will be detected by the BCI. In this manner, the BCI can decode which

word the user was focused on, therefore allowing them to communicate non-verbally. Many

BCI spellers designed for those with “locked-in” syndrome utilize this robust neural feature

[100, 87]. One other group of neural features that have been used by BCIs for non-verbal

communication are the slow cortical potentials (SCPs). These signals are low-frequency

deflections in the time domain that are thought to be related to movement preparation

and intention [258]. In a few BCI studies [27, 28, 158], paralyzed users have learned to

modulate their SCPs in order to spell out entire messages. Recently, many BCI studies have

focused on using local motor potentials (LMPs). These are simply SCPs that are recorded

with ECoG [266] or MEAs [288] and are clearly related to motor intention. SCPs have been

successfully used by BCIs to decode movement parameters such as trajectories [266]. Another

feature of neural signals that are used by BCIs for prosthesis control or motor rehabilitation

are sensorimotor rhythms. These are robust frequency-domain changes in the sensory and

motor cortices that are physiologically related to movement intention. For example, certain

frequency bands of EEG/ECoG undergo increase (event-related desynchonization (ERS)) or

decrease in power (event-related desynchonization (ERD)) when movement is initiated by

healthy individuals [242] or attempted by individuals with paresis/plegia due to stroke [66]

or SCI [151], despite not being able to physically carry out the action. In fact, many of these

changes even appear during imagined movements (motor imagery) in healthy [193, 217, 238]

and disabled [159, 144] individuals. Lastly, LFP/spiking activity (which may contribute to

sensorimotor rhythms but look very different since using MEAs) [136, 135]. Our own studies

have utilized sensorimotor rhythm changes captured by EEG and ECoG, so the remainder

of the text will primarily focus on these neural features.
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Sensorimotor Rhythms During Movement

M1 recordings with microscale (<mm) resolution from MEAs or patch-clamped neurons

contain rich movement information. For example, these techniques can be used to extract

information about the direction [299, 114, 115, 291, 145, 270, 135] or strength [98, 299,

320, 113, 291, 184, 277, 293, 208, 296] of limb movements. Recordings with meso- (mm) and

macroscale (cm) resolution from ECoG and EEG, respectively, also contain useful movement

information, albeit in the form of sensorimotor rhythm (SMR) changes. In particular, as

an individual performs various muscle movements, their brain signals in specific frequency

bands undergo predictable changes. Moreover, these changes are typically consistent across

individuals, and thus SMRs are an extremely useful type of neural features for general BCI

decoders. For example, SMR changes during upper or lower extremity movement have

been observed in many studies [63, 64, 241, 198, 262], and can be used to discriminate

between various arm movements with >95% accuracy [314] or decode finger trajectories

with correlations of ∼0.8 [157]. While we provide a brief description of the spectral changes,

examples of the time-series characteristics of EEG and ECoG during resting and movement

can be found in Section A.1 of the Appendix.

α (8-13 Hz) and β (14-40 Hz) oscillations are two SMRs that exhibit attenuation when

movement is initiated [242]. This phenomenon is known as event-related desynchronization

(ERD). Figure 1.3 shows an example of β ERD during ankle dorsiflexion in a subcortical

stroke survivor. In addition, with movement termination, the β band may experience a re-

bound event-related synchronization (ERS) [242]. Generation of these low-frequency changes

may involve thalamo-cortical feedback in addition to cortico-cortical feedback [217].

While α- and β-band SMRs exhibit ERD, δ (0-4 Hz) and γ (40-200 Hz) SMRs exhibit an

increase in power (or ERS) during movement. Note that delta band on ECoG may represent

LMP. However, there are a few caveats for using δ- and γ-band SMRs in BCI decoding.
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Despite a few studies that have utilized delta, highly susceptible to noise on EEG or ECoG,

and unclear how much relates to physiology rather than contamination. Also, recall that

EEG reliably detects signals up to ∼40 Hz, so although γ ERS may be a more consistent

[197] and informative [314] than α or β ERD, it may only be observed with invasive recording

techniques, such as ECoG.

1.2.2 Dimensionality Reduction

Although the above SMR changes are used for decoding by many BCIs, classification is not

typically performed on the raw EEG/ECoG data in either the time or frequency domain. One

reason for this is that the data is high-dimensional, so an unreasonable number of training

trials would be required to generate a classifier model. For example, in a simple Gaussian

Bayes classifier generated using n samples (x1,x2,...,xn) of the kth class from a d-dimensional

feature space (e.g. time, frequency, channel, or a combination thereof), the likelihood of

observing xi is assumed to follow a multivariate normal distribution, where:

P(xi | Ck) =
1

(2π)d/2|Σk|1/2
e−

1
2

(xi−µk)T Σ−1
k (xi−µk) (1.1)

However, if d > n (i.e. the number of dimensions is greater than the number of training

trials), the covariance matrix Σk is rank deficient, so |Σk| = 0 and Σk is not invertible.

In addition, the optimal feature space for a Bayes classifier has m − 1 dimensions (where

m is the number of classes), typically with m�d, and many of the d-dimensions can be

highly correlated in either the time or frequency domains (see Section A.1.2 of the Ap-

pendix). Thus, dimensionality-reduction algorithms are commonly implemented by BCI

decoders prior to the classification step. These algorithms include widely-used linear tech-

niques, such as principal component analysis (PCA) and linear discriminant analysis (LDA).

Alternatively, less-common linear techniques (e.g. class-dependent PCA (CPCA) [72], ap-
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proximate information discriminant analysis (AIDA) [71]), as well as non-linear techniques

(e.g. isomaps [298], local linear embedding [261], Laplacian eigenmaps [22], diffusion maps

[54]) can be used instead. However, in preliminary testing (results depicted in Table 1.1),

many of these dimensionality reduction techniques produced similar accuracies for decoding

a simple movement task when used in conjunction with a Gaussian Bayes classifier. Note

that because movement-based BCIs typically decode SMR changes within specific frequency

bands, these systems’ decoders analyze frequency-domain signals rather than time-domain

signals.

1.2.3 Classification

BCIs that decode discrete states typically employ common discriminative classifiers, such as

those based on k-nearest neighbors, logistic regression, support vector machines (SVM), and

decision trees/forests, or common generative classifiers, such as Bayes classifiers or Gaussian

mixture models. Two analyses [180, 18] of commonly-used BCI decoders demonstrated that

no single classification technique worked best in every instance. For decoding continuous

variables (e.g. limb trajectories), BCIs typically employ regression based models or recursive

Bayesian estimation [266, 336].

1.3 Output Device Control

Upon decoding a user’s movement intention, either into a discrete state or a continuous

variable, the computer/DSP send an appropriate machine command to the output device.

Common output devices include virtual keyboards/mice, wheelchairs, robotic limbs or ex-

oskeletons, and functional electrical stimulation (FES) systems. In fact, the output can be as

simple as turning on and off an LED light or changing the color of a graphical display object.
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Figure 1.3: β-band ERD during ankle dorsiflexion from an EEG electrode over the foot motor
representation area (Cz in the international 10-10 EEG system [49]). When the individual’s
ankle is in the relaxed state, high amplitude oscillations (5-35 Hz) are seen in the time series
data (top) and the time-frequency spectrogram (bottom). These oscillations disappear once
dorsiflexion is initiated.
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Alternatively, for a brain-controlled, upper-extremity neuroprosthesis, the commands could

control wrist supination/pronation, hand opening/closing, etc. Note that the operation of

the device provides feedback, usually visual, to the user about their cortical state so they can

attempt to modulate their brain signals to achieve better control of the BCI. In fact, many

recent BCI studies have focused on this feedback loop, since learning to modulate one’s brain

signals may actually promote beneficial neural changes and motor recovery (discussed in the

next chapter).
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Chapter 2

BCIs for Motor Rehabilitation and

Physiotherapy After Stroke

2.1 Background

Many stroke survivors remain affected by significant motor impairment despite access to the

best available physiotherapy techniques. In particular, these techniques are of limited utility

once an individual has reached a plateau in their spontaneous behavioral recovery (chronic

phase, >6 months post-ictus) [284, 93]. While physiotherapeutic BCI use may still facilitate

motor recovery in chronic stroke survivors, there are many challenges to integrating these

devices into post-stroke rehabilitation practices. In this chapter, we will discuss BCI-based

motor rehabilitation with an emphasis on its safety and practical implementation.
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2.1.1 Stroke

Strokes are the leading cause of long-term disability in the U.S. with over 795,000 new cases

each year [259]. There are currently over >7 million stroke survivors, and this number

is expected to grow as our population ages and stroke survival rates increase. Despite

spontaneous recovery and intensive physiotherapy (like that described in [94]), ∼54% of

stroke survivors remain affected by significant motor impairment [142], such as upper (21%

[210]) and lower (50-60% [132]) extremity deficits. These motor impairments are directly

associated with a decrease in independence and a loss of productivity. Gait impairment,

in particular, is also associated with decreased participation in social and physical activities

[235, 179], and can thereby exacerbate co-morbidities such as diabetes, cardiovascular disease,

and depression [259]. These problems further increase the risk of medical complications and

contribute to increased healthcare, caregiving, and lost productivity costs.

2.1.2 BCI Systems in Physiotherapy

For decades clinicians have utilized assistive devices such as orthoses to mitigate post-stroke

motor impairment. However, these devices may be cumbersome and uncomfortable, and

their benefits disappear upon removal. Thus there is significant interest in developing new

technologies and methodologies to enhance outcomes of motor rehabilitation. Currently, the

most effective rehabilitative practices employ repetitive, high-intensity, goal-oriented move-

ment of the impaired limb to overcome learned disuse [162]. Severely disabled individuals,

though, may be unable to participate in these active movement therapies. However, these

individuals are still able to modulate their EEG signals through attempted movements and

motor imagery to control a BCI [243, 66, 21, 251, 5]. In fact, a few studies [202, 14, 35, 246]

have already demonstrated that attempted movements or motor imagery in stroke survivors

can be decoded with moderate accuracy. Therefore, physiotherapies that utilize BCIs and
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are repetitive [21], goal-oriented [162], and ensure intense focus on the motor function task

[66, 6, 250, 311] can be designed for these individuals. Many recent studies suggest that

such therapies may be able to improve or restore motor function [66, 250]. However, no

BCI-based therapy has yet been FDA approved.

Possible Mechanisms

BCI use in physiotherapies may facilitate neuroplastic cortical changes similar to repetitive

movement practice [68], possibly through operant conditioning. For example, a BCI user

is informed about their cortical state by the output of the device, and they can attempt

to modulate their neural signals (e.g. SMRs) to achieve better BCI control. By itself,

learning to modulate one’s own brain signals may lead to subsequent beneficial neural changes

[68, 33, 294, 5], such as a strengthened connection between the motor planning (premotor and

supplementary motor) and execution (primary motor) areas (see Figure 2.1a), and eventually

to improved motor function.

Adding a proprioceptive feedback mechanism to BCIs that couples motor intention (motor

and visuomotor activation) with movement of the paretic limb (e.g. through robotic assis-

tance) could further enhance motor recovery for impaired individuals. For example, the si-

multaneous activation of sensory (proprioceptive, tactile, etc.) and motor planning/execution

pathways could promote neural reorganization or Hebbian-like changes [68, 45, 118, 251] (see

Figure 2.1b). In Hebbian neuroplasticity at the single-cell level, NMDA receptors in a post-

synaptic neuron detect when the cell is simultaneously coactivated with pre-synaptic neurons

and trigger local protein modification/synthesis as a result. The subsequent biochemical

changes make the pre-synaptic neurons more efficient at activating the post-synaptic cell in

what is known as long-term potentiation (see [181] for details). In addition to any large-scale

Hebbian-like changes, seeing the paretic limb move can further activate the user’s sensorimo-

tor areas [243] via increased visual feedback or mirror neurons. Note that any neuroplastic
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changes likely occur at the level of the cortex and primarily affect motor planning and ini-

tiation. Nevertheless, these neuroplastic changes could augment motor recovery [45, 250].

Furthermore, any improvement in motor function could result in a subsequent increase in

proprioceptive feedback, creating a positive feedback loop of further CNS changes [68]. A few

prior EEG studies [33, 45, 118, 305, 250, 7] have explored the idea of proprioceptive BCI reha-

bilitation. In particular, there have been two Phase II clinical trials [250, 7] to determine the

efficacy of physiotherapies that couple BCI use with haptic feedback. Ramos-Murguialday

et al. [250] examined the effect of BCI-controlled robotic orthosis therapy for hand/arm

weakness in chronic stroke survivors by randomly assigning subjects to either the treatment

group or to a control group that received sham therapy. All subjects also concurrently partic-

ipated in conventional physiotherapy. After ∼18 days of therapy, the treatment group had a

3.416±0.563-point increase in their Fugl-Meyer upper extremity (FM-UE) motor score com-

pared to the control group (p <0.018). In a related study, Ang et al. [7] examined the effect

of BCI-controlled haptic feedback therapy in chronic stroke survivors. Study subjects were

randomly assigned to one of three dose-matched treatment groups: 1) BCI-controlled hap-

tic feedback therapy along with conventional physiotherapy, 2) non-BCI-controlled haptic

feedback therapy along with conventional physiotherapy, and 3) conventional physiotherapy.

Although all treatment groups exhibited significant improvements in FM-UE motor scores,

there were no significant intergroup differences. Because of the limited number of these

studies and their somewhat contradictory findings, the therapeutic benefit of proprioceptive

BCI therapy remains unclear.

BCIs coupled with functional electrical stimulation (FES) output devices can activate lower

motor neurons in addition to afferent sensory (e.g. proprioceptive) pathways. The coincident

activation of upper motor neurons in the cortex (detected by the BCI) and α lower motor

neurons (stimulated via FES) may induce Hebbian learning via long-term potentiation at

their synapse in the spinal cord [263, 292] (see Figure 2.1c), eventually leading to greater in-

trinsic motor control. A few preliminary studies have observed that repeated use of BCI-FES
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systems is feasible [195] and may promote post-stroke motor recovery [66, 292, 129], possibly

to a greater extent than FES alone [207]. Note that active FES therapy, where motor inten-

tion is coupled with delivery of FES to the paretic limb, may also promote motor recovery

[99, 69], especially beyond what is possible with passive (nonvolitional) electrical stimulation

[17, 21]. However, while the therapeutic mechanism/potential of active FES and BCI-FES

therapies may be similar, utilizing a BCI ensures that delivery of FES is synchronous with

intention (and therefore upper motor neuron activation) in severely disabled individuals.

Altogether, the ideal post-stroke BCI-based physiotherapy would employ repetitive BCI-FES

use for individuals with (nearly) complete paralysis due to subcortical strokes (e.g. lesions in

the internal capsule) who are unlikely to regain further motor function. However, these novel

physiotherapies could also be extended to individuals with incomplete spinal cord injury or

cortical strokes, so long as the EEG signals from peri-infarct areas contain enough movement-

related information for accurate decoding. In addition, BCI physiotherapies designed to

strengthen existing motor pathways spared by stroke should, for now, utilize attempted

movement rather than motor imagery, since it is unclear whether the brain networks activated

during motor imagery and during motor execution are identical [193, 218, 199, 30].

2.2 BCI-FES Therapy for Post-Stroke Gait Rehabili-

tation: A Safety Study

While a few case reports [195, 66, 292, 129, 207] have explored the use of brain-controlled

FES systems for novel physiotherapies, no study has systematically assessed their safety

using disability outcome measures. This is an important step before large-scale clinical

trials can be performed, because although EEG and FES are safe separately, they could

promote maladaptative motor control and cause a deterioration in motor function when

21



Figure 2.1: Hypothesized mechanisms of motor recovery using BCI systems in individu-
als where the lower motor neuron (LMN) output and subsequently the muscle output are
severely impaired. A) Any BCI with feedback can elicit cortical changes (yellow square)
between the primary motor cortex (M1) and the supplementary motor area (SMA), pre-
motor cortex (PM), and even the prefrontal and posterior parietal areas (not shown). B)
BCIs that provide robotic assistance may additionally stimulate dorsal sensory pathways
and subsequently facilitate neuroplastic changes between the primary somatosensory cortex
(S1) and the non-primary motor areas. C) BCIs that deliver controlled functional elec-
trical stimulation (FES) may also promote changes in the anterior horn of the spinal cord
through concurrent activation of upper motor neurons (detected by the BCI) and antidromic
activation LMNs (via FES).
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used improperly together. For example, in vitro and in vivo animal studies have shown

that untimely coactivation of pre- and post-synaptic neurons can lead to long-term synaptic

depression [24, 141]. To address this concern and determine whether BCI-FES physiotherapy

was safe for chronic stroke survivors, we tested the effect of multiple BCI-FES therapy

sessions for foot-drop rehabilitation on gait disability, using a previously developed system

[85]. Note that the inability to dorsiflex the ankle during the swing phase of the gait cycle,

known as foot drop, can contribute to gait problems, such as reduced walking speed [310,

89]. While the use of an ankle-foot orthosis can improve gait velocity in stroke survivors

[166, 74, 155, 104], these have no lasting effects after removal [303, 162], as mentioned above.

Additionally, since this BCI-FES therapy could alleviate foot drop and subsequently lead to

an increase in gait velocity [206], post-hoc analyses were performed to explore its potential

efficacy and uncover any associated brain physiological changes. In the following sections,

we discuss the methodology and significant findings of this study, all of which has been

previously published in [190].

2.2.1 Methods

Study Design

The study was approved by the University of California, Irvine, Institutional Review Board.

Qualified chronic stroke subjects participated in 12 sessions of BCI-FES therapy for foot

drop. Each subject first underwent the following baseline assessments: fast gait speed,

dorsiflexion active range of motion (AROM), six-minute walk distance (6MWD), and Fugl-

Meyer leg motor (FM-LM) score. The BCI-FES therapy was then administered at a rate of

three one-hour sessions per week over the course of four weeks. The system was designed to

detect when the subject was trying to dorsiflex their paretic foot, using EEG, and deliver

electrical stimulation to the appriopriate deep peroneal nerve. Neurological and functional
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assessments were performed immediately prior to every third session, as well as one week

and four weeks after the 12th session. The schedule of activities is summarized in Figure

2.2. A before-and-after comparison was used to determine if any of the outcome measures

deteriorated significantly.

Subject Recruitment

Advertisements were used to recruit stroke survivors (>6 mo post-stroke) with gait impair-

ment that included foot drop. The entry criteria were: (1) age >18, (2) ability to walk

≥10 m without the use of an ankle-foot orthosis or assistance by another person (walking

aids such as a cane or walker were permitted but had to be used consistently), (3) sufficient

cognitive and language function to follow study-related instructions reliably. The exclusion

criteria were: (1) absence of a tibialis anterior response to FES, (2) inability to tolerate

FES, (3) presence of electronic implants, (4) severe spasticity or plantarflexion contracture

(Modified Ashworth scale = 4). Although subjects were allowed to continue their personal

exercise programs, initiating new rehabilitative treatments or physiotherapies during the

study would result in exclusion from the study.

BCI-FES Dorsiflexion Therapy

Qualified subjects underwent 12 one-hour long sessions of the experimental BCI-FES dorsi-

flexion therapy, generally performed at a rate of three sessions per week across four weeks.

Before each session, the subjects were fitted with an EEG cap, and impedances were reduced

to <10 kΩ for a fixed 32-electrode set. This set of electrodes was centered around and in-

cluded Cz (from the 10-10 EEG system [49]), which is the electrode above the foot M1 area

of a normal brain. To provide the system with training EEG data, subjects followed 100

alternating six-second-long cues to relax or dorsiflex the paretic foot. Subjects were visually
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monitored for mirror movements (involuntary movements of a limb that are synchronous

with the voluntary movements of the contralateral limb [214]) and co-contractions at other

limbs, and were asked to discontinue these if they occurred. However, compliance with these

instructions was not formally measured. The training data were recorded at 256 Hz with a

NeXus-32 bioamplifier (Mind Media, Roermond-Herten, Netherlands) to generate a session-

specific decoding model for online operation (methods in [71, 72, 189]). This model could

distinguish the resting state from dorsiflexion using EEG. Finally, surface FES electrodes

were placed over the proximal course of the deep peroneal nerve (paretic side only), and

stimulation parameters were adjusted to achieve ∼15◦ dorsiflexion from the neutral position

without discomfort.

During each one-hour-long session, subjects performed as many online BCI-FES runs as

possible. Each run consisted of 10 alternating, contiguous 10-second-long dorsiflex/relax

cues, during which the BCI-FES system detected the subjects’ intention to dorsiflex (or

relax) from EEG and correspondingly provided (or withheld) stimulation. The accuracy of

BCI operation was calculated as the percentage of correctly determined BCI-states at a rate

of four decisions per second (decisions were based off of 0.25 s [189]).

Subjects were informed of the possibility of erroneous recognition of the relax and dorsiflex-

ion states by the BCI. If FES was erroneously delivered when no movement was intended,

subjects were instructed to ignore the stimulation and continue to relax; when movement

was intended but no FES was delivered, subjects were instructed to continue to attempt

dorsiflexion. Mirror movements and co-contractions were monitored visually. Brief breaks

were provided between runs, or when requested, to prevent fatigue of the deep peroneal nerve

and tibialis anterior muscle.
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Neurological and Functional Assessments

Neurological and functional measurements (fast gait speed, dorsiflexion AROM, 6MWD,

and FM-LM score) were performed before, during, and after the BCI-FES therapy, and are

defined below:

Gait Speed: Fast gait speed [31] was measured [234] for the middle 6-m section of a 10-m

walkway. This test was repeated 5 times at each assessment, and the average speed was

calculated [321]. AFOs were removed, but walking aids such as walkers and canes were al-

lowed. If a subject did use a walking aid at their first baseline assessment, they were asked

to continue using the same device throughout the rest of the study.

Dorsiflexion AROM: The subject was placed in a seated position with the knee flexed at 90

and the tibial shank perpendicular to the ground. A goniometer was used to measure the

AROM at the ankle as the subject dorsiflexed, using standard technique [108].

6 Minute Walk Distance: Assessed as the distance that subjects can ambulate (at a safe,

casual speed) in 6 minutes [123]. AFOs were removed, but walking aids were permitted.

Fugl-Meyer Leg Motor Score: Assessed using the FM measurement system as defined in

[111, 274].

Although chronic stroke subjects are assumed to have reached a plateau in terms of spon-

taneous behavioral recovery [284, 93], three baseline assessments (see Figure 2.2) were per-

formed to account for day-to-day variance [120]. Assessments were also performed immedi-
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ately prior to every third BCI-FES session and again one week and four weeks after the 12th

session. Subjects were also asked to maintain a fall diary throughout the study. The results

of this diary were documented at each weekly functional assessment.

Outcome Measures

All pre-stated outcome measures focused on safety. The primary outcome was the proportion

of subjects who demonstrated a deterioration in gait speed ≥0.16 m/s at either the one-week

or four-week post-therapy assessment. This threshold was chosen as it may be associated

with a change in the modified Rankin Scale (mRS) for the post-stroke population [300].

The secondary outcome measures included the proportion of subjects who experienced a

significant deterioration in dorsiflexion AROM, 6MWD, and FM-LM score at either the one-

week or four-week post-therapy assessment. Deterioration of dorsiflexion AROM is defined

as a ≥2.5◦ decrease from average baseline. There is no established minimum clinically

important change in dorsiflexion AROM, so this threshold was chosen as it represents the

minimal detectable difference [25]. The minimum clinically significant change in 6MWD is

20% [232], while that of the FM-LM score is hypothesized to be 10% [117].

Post-Hoc Analyses

Additional analysis was performed to determine the proportion of subjects who demonstrated

a detectable increase in gait speed (≥0.06 m/s [232, 300]), dorsiflexion AROM (≥2.5◦),

6MWD (≥10% [106]), and FM-LM score (≥10%) from average baseline at both post-therapy

assessments. Detectable changes are not necessarily clinically important, so the proportion

of subjects that experienced a clinically significant increase in gait speed (≥0.16 m/s) and

6MWD (≥20%) was also calculated. Furthermore, the effect of BCI-FES therapy on gait

speed, dorsiflexion AROM, 6MWD, and FM-LM was determined using independent linear

27



mixed models (LMMs) with outcomes (gait speed, etc.) as a function of therapy group (pre-

therapy baseline or post-therapy) with the random effects of subjects (and their interaction

with therapy group) and repetitions within subjects (and their interaction with therapy

group).

The training EEG datasets were analyzed for each session to determine if subjects experi-

enced any brain changes throughout the course of therapy. To reveal any spatial changes

associated with therapy, the dorsiflexion-related importance (the µ-measure defined in [215])

of each EEG channel was plotted for all training sessions (details in Section A.2.1 of the

Appendix). Additionally, changes in event-related synchronization (ERS) and event-related

desynchronization (ERD) throughout the therapy were analyzed as follows. The most impor-

tant channel (i.e. the one with the highest average µ value across all sessions) was identified

for each subject, and the EEG data from this channel were aggregated by week. The me-

dian ERS and ERD at each frequency (8-30 Hz in 2 Hz bins) were calculated for weeks two

through four (Equations A.2 and A.3 in Section A.2.3 of the Appendix) and compared to

their respective week-one value using repeated Mann-Whitney U tests (Bonferroni corrected

α=0.01).

2.2.2 Results

Overview

Nine subjects provided their informed consent to participate in the study (Table 2.1). All

subjects completed the baseline and interval assessments, 12 sessions of BCI-FES therapy,

and the one-week post-therapy assessment. Subject S1 suffered a recurrent stroke after

the one-week assessment, and therefore the four-week post-therapy assessment could not be

obtained. Subject S2 could not be contacted for the four-week post-therapy assessment.

Subject S6 experienced leg pain during Interval Assessment 2 and declined the 6MWD test.
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Figure 2.2: Schedule of activities for each subject. Interval Assessments 1, 2, and 3 were
performed immediately before BCI-FES therapy sessions 4, 7, and 10, respectively.

29



The subjects averaged 8.4 BCI-FES runs per session. Almost 95% of the total number

of BCI-FES runs across all subjects and sessions were at a significant performance level

(α=0.01) compared to Monte-Carlo simulation (details in [189]; see Table 2.1).

Primary Outcome Measure

No subjects demonstrated a clinically significant decrement in gait speed at either the one-

week (subjects S1-S9) or the four-week (subjects S3-S9) post-therapy assessment (see Figure

2.3). The test-retest reliability [279, 322] of the gait speed measurements, >0.98, was com-

parable to reported values [55, 106]. Post-hoc analysis revealed that five out of nine subjects

(56%) exhibited a detectable increase in gait speed at both post-therapy assessments. S9

experienced a detectable increase in gait speed at one-week post-therapy that disappeared

by the last assessment. S6 experienced a detectable increase in gait speed only at four-weeks

post-therapy. Note that although these increases may be clinically relevant, they are not

necessarily statistically significant. Additionally, two of nine subjects (22%) experienced a

clinically important increase in gait speed (≥0.16 m/s) at both post-therapy assessments.

S6 experienced a clinically important increase in gait speed only at four-weeks post-therapy.

With a pre-post therapy slope of 0.025 (p ≤0.03; intercept=0.63), the LMM demonstrated

that BCI-FES therapy may be associated with an increase in gait speed.

Secondary Outcome Measures

No subjects experienced a deterioration in dorsiflexion AROM, 6MWD, or FM-LM score

at either the one-week or four-week post-therapy assessment (Figures 2.4,2.5,2.6). Post-hoc

analysis revealed that three out of nine subjects (33%) had a detectable (≥2.5◦) increase

in dorsiflexion AROM at both post-therapy assessments. Five subjects (out of nine) had

detectable increase by the first post-therapy assessment, while only two subjects (out of

30



seven) retained this increase at four-weeks post-therapy. With a pre-post therapy slope

of 0.84 (p=0.013; intercept=4.22), the LMM demonstrated that BCI-FES therapy may be

associated with an increase in dorsifexion AROM. The 6MWD increased by ≥10% from av-

erage baseline for five subjects (56%) and ≥20% for four subjects (44%) at the post-therapy

assessments. S9 experienced a detectable increase in 6MWD at both post-therapy assess-

ments, but only the increase at one-week post-therapy was also clinically important. With

a pre-post therapy slope of 8.52 (p=0.02; intercept=204.10), the LMM demonstrated that

BCI-FES therapy may be associated with an increase in 6MWD. FM-LM score increased by

≥10% for subjects S1, S2, and S7 (33% of subjects) at the post therapy assessments. S6 only

experienced an increase in FM-LM at the four-week post-therapy assessment. Once again,

changes in dorsiflexion AROM, 6MWD, and FM-LM scores per subject may be clinically

significant, but they are not necessarily statistically significant. With a pre-post therapy

slope of 0.36 (p <0.001; intercept=23.81), the LMM demonstrated that BCI-FES therapy

may be associated with an increase in FM-LM score.

Adverse Events

Subject S1 reported a recurrent stroke after his one-week post-therapy assessment. The cause

of stroke was idiopathic, but was suspected to be associated with a prosthetic heart valve,

and was thereby deemed unrelated to the BCI-FES therapy. Subject S7 reported a fall (not

resulting in serious injury) while carrying a heavy object after the one-week post-therapy

assessment. This was also considered unrelated to the study procedures. No other adverse

events, such as peroneal nerve dysesthesias or skin breakdown, were reported.
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EEG Changes During Therapy

Five out of the six subjects that exhibited a detectable improvement in post-therapy gait

(increase in gait speed or 6MWD) also exhibited a significant increase in ERS and ERD

(83.3% sensitivity). The remaining three subjects demonstrated no significant increase in

ERS or ERD (100% specificity). The evolution of ERS and ERD are shown in Figure 2.7.

For subjects S1, S2, S4, S5, S6, S7, and S8, the most salient EEG electrode for distinguishing

relaxing from dorsiflexion (highest µ value) was Cz; for S3 and S9, it was C5 and CPz,

respectively. Figure 2.8 depicts how important each EEG electrode was for distinguishing

relaxing from dorsiflexion in two of the subjects (see Figure A.8 in Section A.2.2 of the

Appendix for maps from all subjects). No subject demonstrated a consistent change in the

location of their most salient EEG electrode throughout the BCI-FES therapy.

Subjective Reports

Subject S2 indicated at the one-week post-therapy assessment that she could climb stairs

for the first time since her stroke. Subject S4 indicated that his newfound gait improvement

allowed him to walk farther during his daily exercises. Subject S5 stated that he had better

control of the gas pedal while driving after beginning the BCI-FES therapy. Although subject

S6 felt that the therapy was somewhat tedious, he was enthusiastic about his improvement in

dorsiflexion AROM. Subject S7 felt that she had more consistent control of foot dorsiflexion

and of knee flexion/extension. Subject S9 reported an increased sensation and strength in

his paretic side, leading to what he considered to be a more natural gait. All reports were

provided or solicited informally at the end of the study.
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Figure 2.3: Gait speed measurements for each subject. The results from the baseline (B1,
B2, and B3), interval (I1, I2, and I3), and post-therapy gait speed assessments (one-week
and four-weeks post-therapy) are shown for all subjects. The error bars shown here represent
the within-assessment standard deviation (gait speed measurements were repeated five times
per assessment), while the blue circles represent the within-assessment means. Note that the
error bars are only displayed here to give the reader an insight into the within-assessment
standard deviation, and only the means for each assessment [321] were used in the outcome
measures and post-hoc analysis. The red dashed line denotes the threshold of clinically
important deterioration (0.16 m/s decrease from average baseline).
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Figure 2.4: Dorsiflexion active range of motion (AROM) results for all subjects at each
baseline (B1, B2, and B3), interval (I1, I2, and I3), and post-therapy assessment. The red
dashed line denotes the threshold of clinically detectable deterioration (2.5◦ decrease from
average baseline).
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Figure 2.5: Subjects’ six minute walking distance (6MWD) at each baseline (B1, B2, and
B3), interval (I1, I2, and I3), and post-therapy assessment. The red dashed line denotes the
threshold of clinically important deterioration (20% decrease from average baseline).
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Figure 2.6: Subjects’ Fugl-Meyer leg motor (FM-LM) scores at each baseline (B1, B2, and
B3), interval (I1, I2, and I3), and post-therapy assessment. The red dashed line denotes
the threshold of clinically detectable/important deterioration (10% decrease from average
baseline).
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Figure 2.7: Event-related synchronization (ERS) and desynchronization (ERD) during weeks
one through four (wk 1-4, or sessions 1-3, 4-6, 7-9, 10-12, respectively) for all subjects. Boxes
signify intervals of one median absolute deviation around the median (central black bar).
Significant positive and negative changes from week one are denoted by a cross-in-circle
symbol and a line-in-circle symbol, respectively. Bottom: Temporal profile of median ERS
during weeks one through four, taken from S7. The cue being presented is denoted by the
background (”Dorsiflex”, hatched green; ”Relax”, solid red).
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Figure 2.8: Importance of each EEG channel for dorsiflexion. Channels are colored from
dark blue (unimportant) to dark red (highly important). These two representative maps are
taken from subject S8 (top) and S9 (bottom).

39



2.2.3 Discussion

No clinically important deterioration in gait speed, dorsiflexion AROM, 6MWT distance,

or FM-LM score was present one week or four weeks after completing the BCI-FES ther-

apy. Throughout the study, only one fall was reported, an incidence well below that of

conventional outpatient stroke rehabilitation [138, 143, 183]. The lack of deterioration in

the measured gait characteristics indicates that the BCI-FES dorsiflexion therapy may be

safe to explore in larger populations of stroke survivors. In addition, post-hoc analysis re-

vealed that five subjects were walking detectably faster (≥0.06 m/s) at the post-therapy

assessments. Two of these subjects were walking ≥0.16 m/s faster than average baseline,

which is noteworthy since this magnitude is associated with a ≥1 increase in mRS [300].

Furthermore, the data suggest that BCI-FES therapy is associated with a statistically sig-

nificant, albeit not clinically significant, increase in gait speed, dorsiflexion AROM, 6MWD,

and FM-LM score. Since this study focused on safety outcomes and was not designed to

test efficacy, any improvement in gait function cannot yet be attributed to the BCI-FES

therapy. Nonetheless, given that increased gait speed is strongly associated with increased

social re-integration after stroke [179], and based on this therapy’s acceptable early safety

profile, larger clinical trials are warranted to definitively establish its safety and efficacy.

Given that the BCI-FES system was inspired by the concept of Hebbian learning between M1

and foot dorsiflexion motor pools [263], increased dorsiflexion AROM and associated brain

changes were expected. However, increased dorsiflexion AROM generally did not persist

at four-weeks post-therapy (verified via an insignificant LMM slope using post-therapy data

from only this assessment), and ERS and ERD changes occurred, instead, in association with

increased gait speed alone. These increases in ERS and ERD indicate that activation of foot

and leg sensorimotor areas is more synchronous (Figure 2.8 and Figure A.8 in Section A.2.2

of the Appendix), and suggest the presence of an underlying neural process. In fact, other

studies involving ankle dorsiflexion BCI-FES therapy have demonstrated that synchronous
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BCI decoding and delivery of FES are necessary to elicit spectral cortical changes [53] and

improved lower extremity function [205]. Thus possible mechanisms include Hebbian learn-

ing between upper motor neurons and the spinal cord gait central pattern generators [257]

and increased afferent sensory feedback during electrical stimulation and walking [118]. It

also remains a possibility that modest increases in dorsiflexion strength (via the Hebbian

learning mechanism expected by the authors) may have occurred, but subsequent increases

in dorsiflexion AROM were obscured by mild plantar-flexion contractures. Ultimately, formal

physiological studies are needed to further elucidate the underlying mechanism.

Of note, the authors believe that subject S6 experienced problems with walking during the

one-week post-therapy assessment due to a new pair of poorly fitting shoes. This is supported

by the presence of a transient drop in his gait speed and 6MWD. By four-weeks post-therapy,

these measures surpassed their baseline values.

Lastly, at the start of the study the mean baseline gait speed and 6MWD were 0.63±0.40

m/s and 204.1±122.5, respectively, which is quite a bit lower than that of the chronic stroke

population reported in [278]. It should be stressed again that one potential strength of

BCI-based movement therapies is that they are accessible to individuals with baseline motor

functions too low for other interventions (e.g. treadmill training).

Limitations

The major limitation of this study is the small sample size and the lack of matched controls

and unbiased raters. Additionally, large, controlled studies, i.e. phase III clinical trials, are

necessary to definitively establish efficacy. However, the small sample size is appropriate for

an initial investigation into the safety of this BCI-FES therapy. Furthermore, all subjects

were assumed to have reached a steady rehabilitative state (>6 months post-stroke) [93], and

were thus used as their own controls. Also, baseline assessments for all subjects appeared

41



steady. Since the majority of subjects had subcortical strokes, particularly in the basal

ganglia, it will be important to examine how BCI-FES therapy affects those with cortical

strokes in future studies. Ankle dorsiflexion was chosen as the target of FES therapy since

studies have concluded that foot drop plays a role in post-stroke gait impairment [310, 89].

On the other hand, studies such as [175] stress the important role of other muscle groups in

post-stroke gait impairment. However, the BCI-FES therapy implemented in this study can

easily be applied to other muscle groups. Finally, although multiple meta-analyses [303, 162]

suggest that functional electrical stimulation alone does not provide a conclusive long-term

therapeutic effect, a formal direct comparison with BCI-FES therapy may be necessary in

the future.

2.2.4 Conclusions

Since this BCI-FES therapy appears to be safe and a large proportion of subjects experienced

improvements in gait speed and dorsiflexion AROM, larger controlled studies (including pre-

clinical and phase II/III studies) are warranted to investigate additional aspects of this novel

therapy. These include: 1) the potential efficacy and optimal duration of BCI-FES therapy,

2) the neurobiological principles that underlie any functional changes, 3) the subpopulation

of stroke patients that will benefit most, and 4) any synergism with conventional physiother-

apies.

2.3 Performance of Portable and Inexpensive BCI Plat-

forms for Rehabilitation

Although recent studies, such as the one above, have explored the use of BCIs in neuroreha-

bilitation after neurological injury, there are many practical issues related to the implemen-
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tation of BCI-based physiotherapies that need to be addressed before these systems can be

routinely used by patients. Particularly, the lengthy (≥30 min) and involved setup of con-

ventional BCIs make them impractical for daily use. In addition, conventional BCIs utilize

expensive commercial amplifier arrays and bulky computers (e.g. [66, 250, 137, 342, 151])

that are expensive, highly non-portable, and complicated to use without significant training.

Consequently, these BCI systems are not ideal for at-home use by the community, or even

for physical therapist- or clinician-directed outpatient rehabilitation.

One way to decrease the setup time associated with conventional BCIs is to reduce the

number of EEG channels. Prior studies have demonstrated that EEG-based motor BCIs

could be successfully operated with as few as 1 channel [165], although some applications

may require at least 8 channels [295]. Reducing the number of channels in a cost-effective

way requires the replacement of commercial bioamplifiers (typically with dozens of channels)

with custom, low-channel-count amplifier arrays. Similarly, further enhancement of porta-

bility and cost reduction could be achieved by replacing full-size computers in conventional

BCIs with low-cost embedded systems. These strategies have been employed in several stud-

ies, where custom portable BCIs were developed for applications ranging from drowsiness

detection [172, 171], smart living environments [173], and multimedia navigation [280], to

prosthesis control [13] and motor rehabilitation [191]. However, reducing a BCI’s bulkiness,

cost, and complexity in this manner may consequently decrease its decoding performance.

Many of the above studies compared their decoding performance to previous work, but, to

date, no head-to-head performance comparison between portable, cost-effective BCIs and

conventional BCIs has been reported in the literature. Note that maintaining a high decod-

ing accuracy is critical in applications such as drowsiness detection for drivers and prosthesis

control.

To address these concerns, we developed a portable, low-cost BCI system based on [191],

and then performed a head-to-head comparison of its decoding capability against that of
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a conventional BCI system. The study methodology and significant findings are discussed

below, and were originally published in [188]. Briefly, our results demonstrate that there

need not be a trade-off between decoding performance and portability, cost, and simplicity.

This suggests that portable and low-cost custom systems may be ideally suited for BCI

applications outside of a laboratory setting.

2.3.1 Methods

Overview

A low-cost, embedded BCI system was developed by integrating a custom EEG amplifier and

a commercial microcontroller unit (MCU) with a touchscreen (see Fig. 2.9). Custom software

was developed and uploaded to the MCU to control all facets of the system’s operation. The

real-time decoding performance of the custom BCI was compared to that of a conventional

BCI system in able-bodied subjects. Both BCI systems were trained to recognize, from

EEG, when a subject was opening/closing their right hand or remaining motionless. The

subject received feedback in the form of a red light-emitting diode (LED) that was turned

on when hand movement was decoded, and turned off when the resting state was decoded.

The correlation between cues and decoded states for each trial was calculated and used to

determine whether the custom BCI’s performance was significantly inferior to that of the

conventional BCI.

Hardware

The custom BCI system consisted of 3 main hardware components: an 8-channel EEG am-

plifier array (details below), an open-source Arduino Due MCU (Arduino, Ivrea, Italy), and

an LED touchscreen with integrated micro SD card slot (Adafruit Industries, New York,
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Figure 2.9: Top Left: Exploded view of the individual components of the custom BCI system.
Top right: The fully assembled custom BCI system connected to a hand-held battery and
EEG cap. Bottom: Graphical user interface navigation map for operating the custom BCI
system. Note the simple and straightforward interface design.

45



NY). The entire system was ∼13×9×3 cm3 in size, and consumed 1 W of power during nor-

mal operation. This enabled it to be powered by a rechargeable 5V battery. Each channel of

the EEG amplifier array (see Fig. 2.10) consisted of a cascade of one instrumentation ampli-

fier (Texas Instrument INA128, Dallas, TX) followed by two operational amplifiers (Texas

Instrument OPA 4241) to achieve a total of gain of >89 dB with >80 dB common mode

rejection ratio (CMRR). Active low-pass and high-pass filters provided a banded response

between 1.6-32.9 Hz. The amplifier array circuit was implemented on a printed circuit board

that interfaced with the MCU and touchscreen as well as with the EEG electrodes. The

MCU’s ADC unit had a resolution of 12 bits.

The amplifier array was empirically validated by comparing its output to that of a com-

mercial amplifier system (EEG100C, BIOPAC Systems, Goleta, CA) with a 1-35 Hz banded

response. Specifically, one EEG channel derived by referencing electrode Cz to AFz (nomen-

clature consistent with the international 10-10 EEG system) was simultaneously amplified

by both the custom and commercial amplifiers. The output of each amplifier was acquired

simultaneously at 250 Hz by a commercial data acquisition system (MP150, BIOPAC Sys-

tems, Goleta, CA) over the course of 1 min. The gain of EEG100C was ∼86 dB with 110

dB CMRR, and the MP150’s ADC resolution was 12 bits. Different software filters were

applied to the data from the custom and commercial amplifiers to account for their different

hardware filter settings. Finally, the lag-optimized correlation coefficient (Pearson) between

the signals was calculated.

The conventional BCI system has been used extensively in previous studies [85, 86, 190], such

as the one in Section 2.2, and consisted of a commercial 32-channel EEG amplifier (NeXus-

32, Mind Media, Roermond-Herten, Netherlands), a desktop computer, and the MP150 data

acquisition system for aligning the EEG and cue signals. The gain of the NeXus-32 amplifier

was ∼26 dB with >90 dB CMRR, and its ADC resolution was 22 bits.

A cost breakdown of both BCI systems (excluding the EEG cap) is shown in Table 2.2.
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Figure 2.10: Circuit diagram for each channel of the custom amplifier array. The mid-level
VCC/2 is connected to a bias electrode as well as to all the electrodes’ active shielding.
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The cost of the custom BCI was <1/20th of the cost of an equivalent 8-channel version

of the conventional system (using per channel costs). The conventional system’s amplifier,

however, has medical CE and FDA certifications, which may account for its high cost.

Software

Specialized software was written in C++ and uploaded to the custom BCI’s MCU to render

the graphical user interface (GUI) and perform the following BCI functions: 1. EEG training

data acquisition, 2. generation of the BCI decoding model, 3. real-time decoding to control

an output device. The simple GUI is depicted in the bottom panel of Fig. 2.9. The

effector output can be manually controlled on the home screen. In training mode, the

screen alternates between displaying “GO” (during movement epochs) and a blank screen

(during resting epochs), and then displays the accuracy of the generated BCI decoding model.

Lastly, before the end of training, a small number of calibration cues (“GO”/blank screen)

are presented to the user. Back at the home screen, the user can enter calibration mode to

manually select thresholds for the decoding model (based on histograms from data collected

during the calibration cues). During real-time BCI decoding, the user is presented with the

same “GO”/blank screen cues as before and their decoded brain state is used to control the

effector output. The software developed to operate the BCI, including the GUI, is publicly

available at https://github.com/cbmspc/PortableBCI. Note that much of this software is

hardware specific, but a few general linear algebra functions for microcontrollers (especially

Arduino platforms) are provided in Section A.3 of the Appendix.

The conventional BCI system utilized custom Matlab scripts to perform the same functions

as the custom BCI system. These were originally described in [85].
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Table 2.2: Cost breakdown of the custom and conventional BCI systems. The cost of
the custom BCI’s 8-channel EEG amplifier includes PCB manufacturing, assembly, and
components. The cost of the custom BCI’s computer includes the cost of the MCU, battery,
and microSD card. The cost of the conventional BCI system does not include the cost of
the separate data acquisition system for aligning the EEG and cues.

Component Custom BCI Conventional BCI

EEG Amplifier ∼$210 ∼$22,500
(∼$26.25/channel) (∼$703.13/channel)

Computer ∼$65 ∼$1,500
Display/Human Interface ∼$35 ∼$200

Total ∼$310 ∼$24,200
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Subject Recruitment

The use of human subjects was approved by the University of California, Irvine Institutional

Review Board. Able-bodied individuals with no history of neurological disease were recruited

for the study.

Setup

The general experimental procedure for each subject is depicted in Fig. 2.11. Subjects

were first fitted with and EEG cap (Waveguard, ANT-Neuro, Enschede, Netherlands) with

64 actively-shielded electrodes. Only a subset of 33 electrodes was used (see Fig. 2.12),

and their impedances were reduced to <10 kΩ using conductive gel. The conventional BCI

utilized 32 channels (32 electrodes all referenced to AFz), while the custom BCI used only 4

channels (C1, C3, C5, and CP3, all referenced to AFz). Specifically, AFz was the V– electrode

in Fig. 2.10 for every channel of the custom BCI. In addition, the custom BCI used a bias

electrode (Fz) during testing. For subject S3, FC3 was used instead of C5 due to excessive

noise in that channel. The 4 channels used by the custom BCI were chosen based on their

proximity to the expected hand representation area of the primary motor cortex. Although

the custom BCI could accommodate up to 8 channels, preliminary post-hoc analysis of foot

movement data from a previous BCI study [190] demonstrated no significant loss of decoding

accuracy when only ∼4 (albeit well chosen) EEG channels were used instead of all 32. In

addition, our results from [191] suggested that high decoding performance was attainable

with only 4 EEG channels. Therefore, we used only 4 of the 8 channels for this study.
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Figure 2.11: Experimental procedure for the head-to-head comparison of the custom and
conventional BCI, depicting the order of each system’s training, decoding model generation
(Dec. Mod.), binary state machine calibration (Cal.), and real-time decoding trials. The
entire procedure lasted around 1.5 h.
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Figure 2.12: Electrode locations for the international 10-10 EEG system. The electrodes
used by the conventional BCI are colored gray, while those used by the custom BCI are
outlined in red.
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BCI Training

In order to train the BCI systems to distinguish the presence/absence of hand movements,

users followed verbal cues to alternate between repetitively opening/closing their right hand

for 6 s (“move” epochs) and remaining motionless for 6 s (“relax” epochs). EEG data from

4 (custom BCI) or 32 (conventional BCI) channels were acquired at 240 Hz (custom BCI) or

256 Hz (conventional BCI) per channel. The sampling rate for the custom BCI was chosen

simply because it was close to 256 and produced many software parameters that were divisible

by 10, and changing it to 256 Hz did not affect decoding performance. Each channel’s EEG

data were digitally filtered either into the α (8-13 Hz) and β (13-30 Hz) physiological bands

by the custom BCI or into 2 Hz bands covering the same 8-30 Hz range by the conventional

BCI. The custom BCI utilized the entire α and β bands, instead of smaller frequency bands,

due to its limited memory space (96 kB) and to simplify the subsequent decoding steps. The

average power at each channel and frequency band was calculated for every 6-s-long “move”

and “relax” epoch. To prevent movement state transitions from affecting the subsequent

decoding models, the custom and conventional BCIs discarded the first 1-s of EEG data from

each epoch. The conventional BCI also discarded the last 1-s of EEG data from each epoch.

However, doing the same for the custom BCI had no impact on its decoding performance,

and therefore, it was not implemented in this study.

For each subject, the custom BCI was trained first, followed by the conventional BCI (see

Fig. 2.11). To minimize the total time that each subject spent training, the training sessions

for the custom BCI lasted only 5 min. However, the training sessions for the conventional

BCI lasted 10 min and could not be reasonably reduced further because of the high dimen-

sionality of its data (32 EEG channels × 11 frequency bands). The custom BCI was trained

for 5 min instead of 10 min because it made no difference in its decoding capability during

preliminary tests. During training, subjects were positioned facing away from the experi-

menters/BCI systems and were not told of the training time discrepancy in order to blind
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them to which BCI was being used. The BCI cues were relayed verbally to the subjects

by the experimenters, who also performed mock typing and mouse clicking (to mimic the

sounds of operating the conventional system) before the use of the custom system.

Decoding Model

The custom BCI extracted hand movement features from its 8-dimensional EEG training

data using linear discriminant analysis (LDA) [105], while the conventional BCI first reduced

its training data’s dimensionality (down from 352) using classwise principal component anal-

ysis (CPCA) [72] before extracting hand movement features with either LDA or approximate

information discriminant analysis (AIDA) [71]. The conventional BCI’s initial CPCA step

was necessary to perform LDA/AIDA. Next, both BCI systems generated a Bayesian classi-

fier to calculate the probability of the movement state (hand opening/closing) from extracted

features (f), denoted as P (M | f). Each system also performed leave-one-out cross-validation

to predict the accuracy of the decoding model. If the cross-validation accuracy was <85%,

the subject repeated the training for that system. If the accuracy was ≥85%, the subject

performed an additional 2-min calibration session of cued hand opening/closing and relaxing

(in alternating 6-s epochs) with that BCI system to provide data for calibrating a binary

state machine.

State Machine Calibration

For each BCI system, histograms of P (M | f) from “move” and “relax” epochs of the 2-min

calibration session were generated to calibrate a binary state machine that classified users’

underlying movement states (“move” or “relax”) from P (M | f). Specifically, for each BCI,

the values of two thresholds, TM and TR (where TM > TR), were manually selected by the

experimenters to be used by its state machine as follows. When P (M | f) < TR, the state
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machine entered the “relax” state; when P (M | f) > TM , the state machine entered the

“move” state; when TR < P (M | f) < TM , the state machine remained in its previous state.

This binary state machine design reduces noisy state transitions and alleviates users’ mental

workload, and has been successfully used before [85, 86]. If a BCI system’s histograms from

“move” and “relax” calibration epochs appeared highly similar, the training session for that

BCI was repeated.

Real-Time Decoding

During real-time operation, both the custom and conventional BCI systems employed a 0.75

s sliding analysis window (0.25 s overlap) for determining P (M | f) from the users’ EEG.

To further prevent noisy state transitions, the posterior probabilities over the most recent

1.5 s of EEG data (6 values) were averaged to generate P (M | f). P (M | f) was used by

the systems’ state machine to decode users’ underlying movement state every 0.25s. This

decoded state was used by each system to control an LED which turned on during decoded

“move” states and turned off during decoded “relax” states.

Subjects participated in five, 2-min-long trials for each BCI system (total of 10 trials). Dur-

ing each trial, subjects followed alternating 6-s cues to open/close their right hand or remain

motionless. Subjects were positioned facing away from the experimenters/BCI systems and

towards the single LED light that provided real-time visual feedback from both systems.

Experimenters provided verbal cues for subjects to “move” and “relax” based on the com-

puterized cues displayed by each system. In addition, the experimenters performed mock

typing and mouse clicking during use of the custom BCI. Subjects were told that the order

of the 10 trials was randomized, although the custom and commercial systems were actually

used in an alternating fashion (starting with the custom system). The alternating utilization

of the BCI systems was intended to avoid subject learning or fatigue. For each trial, the

performance of the system was assessed as the lag-optimized correlation (Pearson) between
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the cues and the decoded state. Then, for each subject, a left-sided Mann-Whitney U test

(α=0.05) was performed between the decoding correlations of the custom and conventional

BCI.

2.3.2 Results

Custom Amplifier Validation

EEG (Cz referenced to AFz) from one human subject was simultaneously passed to both the

custom and commercial amplifiers. The correlation between the 1-min-long signals acquired

from both amplifiers was 0.79. Moreover, both signals appeared visually similar. See Fig

2.13 for a representative 3-s example of each amplifier’s output.

Decoding Performance

Five able-bodied subjects (S1-5) gave their informed consent to participate in this study.

Three of the subjects had prior BCI experience. Anecdotally, the setup time for the cus-

tom BCI system required ∼10 minutes, as opposed to ∼30-40 minutes for the conventional

BCI system, due to its lower number of channels. All subjects successfully operated both

the custom and conventional BCI systems. The overall cross-validation accuracy across all

subjects was 93.6±4.3 and 96.2±1.8 for the custom and conventional BCI systems, respec-

tively. In the meantime, the custom BCI’s processor was still able to generate the decoding

model and perform cross-validation in a timely manner (<1 min for each subject). For each

subject, the conventional BCI utilized features around C3 in the α and/or β bands, so the

4 channels used by the custom BCI may have been an appropriate choice in these subjects.

For example, the average of all S2’s β band features is shown in Fig. 2.14.

The average lag-optimized correlation between cues and decoded states across all subjects
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Figure 2.13: 3-s example from the 1 min of human EEG data simultaneously acquired by the
custom and commercial amplifiers. Note the high degree of similarity between the signals.
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and trials was 0.70±0.12 (average lag of 2.22±0.27 s) for the custom BCI and 0.68±0.10

(average lag of 2.23±0.37 s) for the conventional BCI. Training cross-validation accuracies

and decoding correlations for both systems are provided for each subject in Table 2.3 and

Fig. 2.15, respectively. No subject demonstrated a significantly lower BCI performance with

the custom system compared to the conventional system.

2.3.3 Discussion

This study demonstrates that low-cost, embedded EEG-based BCI platforms, such as the

one tested here, can achieve similar performance to a conventional BCI system with sub-

stantially more channels and computational resources. Low-cost, easy-to-use, standalone

systems make BCIs more accessible to researchers, clinicians, and patients, and increase the

feasibility of large clinical trials involving BCI use. The small profile and minimal power

requirements of embedded EEG systems make them highly portable, increasing the number

of applications in which BCIs can be used. Some of these include smart environment control,

gaming/entertainment, and mobile solutions to neurological deficits, such as BCI-controlled

neuroprostheses, wheelchairs, and robotic exoskeletons. It may even be possible in the future

to develop fully implantable BCI systems with onboard processing.

Although the custom EEG amplifier did not perform identically to a commercial system

(0.79 correlation), the custom BCI still achieved high decoding performance. In fact, the

decoding performance of both systems was generally higher than what we have previously

reported for motor execution tasks in able-bodied [85, 150] and stroke subjects [190] using an

equivalent conventional BCI. We believe that the different hardware and software filters used

with the custom and commercial amplifiers may have reduced the correlation between the

output signals. In particular, the custom amplifier’s output was observed to be contaminated

with environmental noise, possibly because its 60 Hz notch filter was of lower order than
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Figure 2.14: The average β band features used by the conventional BCI for decoding S2’s
hand movements. Areas in red represent highly weighted features, while those in blue are
less important. As expected, the region around C3 was important for decoding.
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Table 2.3: Subject demographics and cross-validation accuracy for each BCI system.

Subject Age/ Prior BCI Custom BCI Conventional BCI
Sex Experience Training Accuracy Training Accuracy

S1 23/M N 90% 96%
S2 46/M Y 96% 99%
S3 21/M N 96% 96%
S4 28/M Y 98% 97%
S5 35/M Y 88% 95%
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Figure 2.15: The correlation between cues and the decoded state for each real-time decoding
trial using the custom and conventional (conv.) BCI systems. For each subject, trials 1-5
are represented by a cross, circle, square, diamond, and plus sign, respectively. In addition,
p-values from the Mann-Whitney U tests are provided. The performance of the custom BCI
was not significantly inferior (p<0.05) to the conventional system in any subject.
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that of the commercial amplifier.

Our finding that a low-cost, embedded BCI using only 4 EEG channels can achieve a high

decoding performance and does not perform significantly worse than a conventional system

is encouraging, but not wholly unexpected. For example, high BCI decoding performance

with few channels has been observed previously [191] and is consistent with previous channel-

dropping studies [165, 295]. Although a moderately long decoding delay (∼2 s) was observed

for both BCIs in this study, a significant fraction of this delay in both systems may have

been caused by the experimenters’ translation of visual computer cues into verbal cues for

the subjects.

Custom, embedded BCI platforms, such as the one developed in this study, can be highly

modifiable. Not only are the software libraries readily customizable, but even the system

hardware can be adapted by community users for a variety of applications. For example, with

this BCI platform, the bandwidth and gain of the custom amplifier array can be changed by

adjusting its resistive and capacitive components. In addition, surface-mount components

can replace the large dual-inline packages to further reduce the system’s size. Based on the

software execution time, the current Arduino Due MCU can tolerate an increase in channel

number and sampling rate without causing delays during its operation. Therefore, this

system is even practical for applications where higher frequencies (beyond the β band) are

desired. Lastly, an expensive (∼$2500) EEG cap was used in this study out of convenience,

but this may not be appropriate for community users. Instead, dry electrodes, which offer

shorter setup time, could be used. However, dry electrodes may still be inferior to wet

electrodes [178], and in preliminary testing, we observed them to be highly sensitive to

movement artifacts. A great alternative is high quality, individual EEG cup electrodes (wet)

that are inexpensive (∼$50 each).

Many portable, reasonably low-cost BCI systems have already been developed academically
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([170, 76, 177, 73, 345, 75]) and commercially (OpenBCI, Emotiv, and NeuroSky). How-

ever, these BCI systems do not perform onboard signal analysis and decoding. Yet, if these

devices are modified (e.g. paired with a microcontroller for decoding), the results of this

study suggest that they may be suitable for mobile BCI applications and could demonstrate

similar decoding performance to conventional BCIs. Wang et al. [319] developed a portable,

4-channel BCI that transmitted EEG data to a smartphone for signal analysis and decoding.

While the system was specifically designed to decode occipital steady-state visually evoked

potentials (SSVEPs) and is unlikely to work for sensorimotor rhythm modulation, its per-

formance may not be inferior to SSVEP-based conventional BCIs. Likewise, the BCIs that

utilize embedded processing units for signal analysis in [172, 280, 171, 173] may perform

similarly to expensive, full-size, conventional BCIs. However, these BCIs rely on commercial

DSPs or FPGAs without user-friendly open-source development tools, so it may be hard for

community users to modify them for other BCI applications.

Limitations

While many BCI systems are intended for use by individuals with neuromotor deficits, such as

those resulting from stroke or spinal cord injury (SCI), only able-bodied subjects participated

in this study. Thus it is unclear how low-cost, embedded BCI systems with few channels

will fare against conventional BCIs in subjects with neurological disease. In the future, we

intend to test the functionality of our custom BCI platform against a conventional system

in stroke and SCI populations. We envision that systems like this one could be applied

for BCI-based at-home physiotherapy or mobile neuroprosthetics. In addition, we did not

explicitly assess the system’s feasibility for use outside of a laboratory setting (e.g. at-home)

and further studies are required. Lastly, the decoding performance in this study focused

on a simple motor paradigm, i.e. the presence or absence of hand movements. However, it

is unclear whether these results will generalize to more elaborate movement tasks where a

63



higher number of EEG channels and/or complex decoding algorithms may be necessary to

maintain sufficiently high BCI performance.

2.3.4 Conclusion

Current BCI systems are not practical for use outside research laboratories due to their

complicated setup/operation, prohibitive costs, and lack of portability. The custom BCI

system tested here utilized 4 EEG channels as well as a low-cost, open-source MCU for

decoding, but still performed similarly to a conventional BCI system. The findings of this

study indicate that a high number of EEG channels and extensive computational resources

are not always necessary for BCI systems to operate with high accuracy, and many of the

portable, inexpensive academic or hobby-level commercial BCIs may perform similarly to

conventional systems. In addition, these platforms are more practical and cost-effective

than conventional BCIs for large scale studies, as well as for motor rehabilitation or hobby

applications outside of a laboratory setting.

2.4 Summary

In the above studies, we demonstrated that BCIs are safe for physiotherapeutic use and can

be produced as small, portable, inexpensive devices that perform similarly to conventional

systems but are more practical for use outside of laboratories. However, the efficacy of

therapeutic BCI use to reduce disability needs to be demonstrated through large trials before

any clinical recommendations can be made, as it is still unknown how these therapies compare

to standard physical and occupational therapy. Additionally, it is unknown whether BCI

approaches are relevant to the stroke population at-large, or whether they are best only for

a small proportion of patients (e.g. young, hemorrhagic stroke survivors [7]). Nevertheless,
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small, inexpensive BCI systems are still suitable for immediate, widespread adoption by the

community for hobbyist applications, including gaming and smart homes.
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Chapter 3

BCIs for Prosthesis Control

3.1 Background

While certain groups may benefit from the BCI-based physiotherapies discussed in the previ-

ous chapter, others, such as those with complete spinal cord injury, are unlikely to recover any

motor function. However, these individuals can still use BCI-controlled prosthetic exoskele-

tons or FES systems that effectively bypass their spinal lesion and control the movement of

their limbs, in order to reduce functional disability, promote independence and mobility, and

improve their quality of life.

3.1.1 Spinal Cord Injury

An SCI is an acute lesion of the spinal cord, usually caused by a motor vehicle crash or a fall

[81, 51, 222], that results in sensorimotor deficits. It is estimated that there are over 276,000

survivors of a spinal cord injury in the US alone [163], with approximately 12,500 new cases

per year [36]. Motor impairment occurs in over 85% of cases, and commonly presents as
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incomplete tetraplegia (31.6%), complete paraplegia (24.6%), complete tetraplegia (19.3%),

or incomplete paraplegia (18.6%) [222]. These deficits are generally permanent, and very

few SCI patients (<1%) ever make a full neurological recovery [222], despite spending a

substantial amount of time in the hospital (average of 47 days for year one) [222]. Even

in the chronic phase (>1 year post-trauma), the injury itself and the resulting immobility

can lead to further complications. Over one-third of chronic SCI patients are hospitalized

each year (average stay of 23 days) for a comorbid condition, such as pressure ulcers, skin

and genitourinary tract infections, and cardiovascular and respiratory problems [222, 326].

These result in a significantly decreased life expectancy compared to age-matched non-SCI

individuals [40, 222]. Furthermore, SCI victims also suffer from the devastating financial

and social burden of their disability. Average direct costs (health care services, medica-

tions, supply/equipment costs, environmental modifications, attendant care, and vocational

rehabilitation) range on average from $342,000-$1,048,000 for the first year and from $42,000-

$182,000 for subsequent years, while indirect costs (lost productivity, etc.) amount to $71,000

on average per year. These healthcare costs strain an already-burdened US healthcare sys-

tem by over $40 billion annually (>$21 billion from direct costs [182] and >$19 billion from

indirect costs [222]). Moreover, the average age at injury is 42 so the lifetime cost of an SCI

to an individual well exceeds one million dollars [40, 80, 222]. It is therefore not surprising

that inadequate income is the most common fear shared by SCI survivors [77]. In addition to

financial hardship, over 30% these individuals also meet the criterion for clinical depression

[156, 61] or anxiety [62]. Even spouses of individuals with SCI exhibit more symptoms of

stress and depression than their non-caregiving counterparts [324], and thus divorce rates

for SCI victims are extremely high [222]. Ultimately, all these complications originate from

immobility, so restoring an individual’s ability to move their arms or stand and walk would

have a positive impact on their health, productivity, and emotional state.
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3.1.2 Challenges for BCI Prostheses

Although the idea for using BCIs to control prostheses is quite old [306, 245, 122, 140], these

devices have never been routinely used at home by those with motor deficits. One reason for

this is that many of the designs utilized non-invasive BCIs. These devices typically achieve

decoding accuracies <80% (e.g. [169, 188]) and correlations of <0.8 (e.g. [150, 151]), even

for simple two-state systems. This may translate into operation errors that are frustrating

or dangerous to the user. In addition, non-invasive BCIs don’t have the spatiotemporal

resolution to decode complex movement parameters or trajectories with high fidelity. For

example, King et al. developed BCIs to restore control of hand opening/closing [150] and

walking [151] in stroke and SCI survivors, respectively. However, these devices only decoded

whether the user intended to move or not (2 states) with modest accuracy. To be practical,

BCIs that attempt to restore upper extremity function need to be able to control multiple

joints simultaneously (at least 6 DOFs [328, 86]) as well as the force of movement with high

precision. Similarly, BCIs that are intended to restore gait function in individuals with para-

plegia need to be able to accurately decode a multitude of gait parameters (direction, speed,

etc.). Additionally, non-invasive systems need to be aesthetically appealing and comfortable

enough for daily use (or, instead, easy to don and doff) before they are widely adopted by

patients, their families, and physicians.

Because of these limitations, many of the recent BCIs designed for neuroprosthetic applica-

tions utilize invasive recording techniques [337, 135, 56]. Invasive BCI systems such as these

appear to provide intuitive control, and exhibit superior decoding performance compared

to non-invasive systems [169]. Moreover, because of their subdural location, these systems

can simultaneously deliver electrically stimulation to small regions of the sensory cortex to

provide proprioceptive-like feedback (e.g. [153]) to users that have lost sensation due to

their injury. In addition, invasive BCIs can be fabricated using special purpose amplifiers

and DSPs/microcomputers so that the entire system is fully implantable (such as [32]), and
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therefore unobtrusive and aesthetically appealing. ECoG appears to be the recording tech-

nique best suited for these implantable BCIs, because although Hochberg et al. [135] and

Collinger et al. [56] demonstrated that MEAs could be used to robustly decode desired

movement trajectories for controlling high-DOF robotic arms, the signal quality of the mi-

croelectrodes is not stable enough for long-term use (as discussed in Section 1.1.2). However,

no extensive, long-term study in humans on movement trajectory decoding, similar to the

one by Hochberg et al. [135], has been conducted using an ECoG implant. Thus it is unclear

how extensive and complex the BCI decoding algorithms must be to maintain a high level of

real-time decoding accuracy for multi-DOF control. Because current, general-purpose DSPs

and microcomputers have limited computing power and memory space, the next step for the

field is to expand our understanding of the electroneurophysiological changes that occur in

the brain during complex limb movements. This knowledge will inform the development of

new, application-specific hardware as well as effective/resource-efficient decoding strategies

that exploit these electroneurophysiological changes for controlling BCI neuroprostheses.

In this chapter, we discuss two recent studies in which we explored the motor cortical ECoG

changes associated with force output during an upper extremity movement task and with

changes in gait speed during a walking task. The knowledge gained from studies such as these

will help in designing implantable BCIs for re-establishing movement control in individuals

affected by SCI.

3.2 γ-Band Changes with Different Levels of Force Out-

put During Elbow Flexion

Many previous studies have attempted to use MEA recordings [136, 135, 56] or ECoG record-

ings [266, 269, 264, 244, 4] to decode upper-extremity trajectories (such as reaching, grasp-
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ing, etc.). Although these studies generally showed good decoding performance, they did

not describe the electroneurophysiological changes that are associated with different move-

ment parameters, and the decoding algorithms they employed may not be suitable for use

in current embedded systems. In addition, a few human studies have focused on decoding

upper-extremity force output from cortical signals. Note that previous work in non-human

primates has demonstrated that certain M1 neurons encode movement direction while others

encode muscle-specific movement parameters [291, 145] such as force [320, 299, 184, 293] or

changes in force [277, 113]. In humans, non-invasive studies have suggested that movement

force is associated with changes in EEG [330, 200, 285, 176, 226], MEG [209], and PET

[79]. Likewise, invasive, depth-electrode recordings in humans have shown that subcortical

signals contain information about grip/pinch force [296, 208]. Using ECoG, Flint et al. [107]

showed that certain frequency bands (especially γ) were useful for decoding (thumb-index

finger opposition) forces. These results are consistent with those from previous ECoG work in

non-human primates [50]). In another study [78], grip force as well as hand position could be

detected from ECoG data above the chance-level. However, these prior human studies have

generally focused on decoding force levels from brain signals, and did not attempted to char-

acterize the electroneurophysiological changes that are associated with varying movement

force. Therefore, in the following unpublished study, we explored how M1 ECoG γ-band

signals, which are known to encode the onset/duration of upper-extremity movement [315],

also encode movement force.

3.2.1 Materials and Methods

The study was approved by the Institutional Review Boards of the University of California,

Irvine and the Rancho Los Amigos National Rehabilitation Center. Subjects who were

clinically implanted with an ECoG grid that was expected to cover the arm M1 area for

epilepsy surgery evaluation were recruited for the study. Those with a history of motor
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deficits or musculoskeletal disease were excluded from participation.

Data Collection

ECoG signals were split at the headbox and simultaneously routed to the clinical and re-

search data acquisition systems, so as to minimize interference with clinical data acquisition.

Data were recorded by the research system (NeXus-32 bioamplifier, Mind Media, Roermond-

Herten, Netherlands) at a sampling rate of 2048 Hz from up to 64 ECoG electrodes. ECoG

signals were visually inspected, and those exhibiting excess noise were disconnected from

the amplifier. The trajectory of elbow flexion was simultaneously recorded by a gyroscope

(L3GD20, STMicroelectronics, Geneva, Switzerland) mounted proximally on the forearm

on the side contralateral to the ECoG grid, and was acquired at 256 Hz by an integrated

microcontroller (Arduino, Smart Projects, Turin, Italy). The ECoG and trajectory data

were aligned using a common pulse train that was sent to both the bioamplifier and micro-

controller systems. All signals were recorded while subjects performed the movement tasks

described below.

Elbow Flexion with 0-, 3-, and 6-lb loads: Subjects performed between 40 and 80 cycles of

flexion and extension (with an intervening 3-5 s pause between movements) of the elbow

contralateral to the ECoG grid while in a semirecumbent position. Subjects were instructed

to move synchronously with a virtual cartoon arm, and were asked to remain motionless

(rest) for ∼30 s before and after every 20 cycles. Subjects repeated this task with 0-, 3-, and

6-lb weights mounted on their distal forearm.

Electrode Localization

First, a post-implantation T1 magnetic resonance imaging (MRI) sequence and computed

tomography (CT) sequence were rendered in 3D and co-registered as described in [317].
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ECoG electrode locations were determined from the co-registered images, and anatomical

features were used to define M1 and surrounding brain regions [314]. These regions were

used to interpret the results of subsequent analyses.

Signal Processing

For every movement task, trajectory data were upsampled to 2048 Hz and temporally aligned

with the ECoG data. The raw ECoG signal from each electrode was common-average refer-

enced and then processed in the following manner. First, to remove any DC component as

well as line noise (60 Hz) and its harmonics, a high-pass filter (0.05 Hz cutoff) and stop-band

filters (57-63 Hz, 117-123 Hz, and 177-183 Hz) were applied. The resulting signal was then

filtered into the physiological γ band (40-200 Hz). This signal was squared and low-passed (3

Hz cutoff) to generate the γ-band power envelope, Pγ. Short (<10 ms) electrode disconnect

artifacts that were occasionally observed in the raw ECoG data were replaced by inter-

polation in the power envelope data. Segments that contained longer capacitive discharge

artifacts were discarded.

Analysis of Variable Weight Data

To analyze the changes in cortical Pγ that occurred with increased elbow torque, the following

steps were performed. The elbow angular velocity time series (ω) was derived from the

gyroscope data, and was used to identify the ≥40 epochs of flexion (ω>10◦/s). Then Pγ

for each electrode was segmented into these epochs. Next, we calculated the log ratio of

the average value of Pγ during each flexion epoch to the average value of Pγ throughout the

entire resting period (details in Section A.4 of the Appendix). These log ratios represent

the increase in cortical γ-band activity relative to the resting state, and are subsequently

referred to as synchronization indexes. For each level of forearm load (0, 3, 6 lbs), we
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generated a heat-map of the average synchronization index at every electrode. Electrodes

that appeared to be highly active during the 6-lb-load task were used in further analysis.

Note that we expected M1 Pγ to be highest at this level of forearm load (and this was

verified by the experimental data). Using this subset of electrodes, we analyzed whether

the synchronization indexes from the 3-lb-load task were significantly increased compared

to those from the 0-lb-load task using a single-tailed Mann-Whitney U test. This type of

analysis was repeated for the 3- and 6-lb-load tasks and for the 0- and 6-lb-load tasks. Lastly,

we explored whether any of these electrodes showed spectral changes as elbow torque was

varied by comparing the average power spectral density (PSD) from the 0-, 3-, and 6-lb-load

tasks.

3.2.2 Results

Six subjects gave their informed consent to participate in the study. However, only two sub-

jects, SJ1 (F, 45 y.o.) and SJ2 (M, 20 y.o.), had ECoG electrodes that were confirmed to have

been implanted over M1 by the post-op MRI/CT co-registration procedure described above.

In both of these subjects, platinum-iridium electrodes arranged in an 8x8 high-density array

(Ad-Tech Medical Instrument Corporation, Racine, WI) were used. These electrodes had a

diameter of 2 mm and a center-to-center interelectrode spacing of 4 mm. Note that these

high-density electrode grids have superior spatial resolution and signal quality compared to

standard ECoG grids [314]. The electrode numbers and locations are displayed in Figure

3.1. SJ1’s grid and SJ2’s grid were located on the right and left hemisphere, respectively.

Each subject had ≥36 electrodes positioned over M1. Due to excess noise contamination, a

total of four electrodes (#24, 31, 57, 58) from SJ1 and nineteen electrodes (#3, 4, 7, 8, 11,

16, 24, 25, 31, 32, 40, 47, 48, 53, 54, 55, 56, 63, 64) from SJ2 remained disconnected from the

research system for the duration of the experiment (gray electrodes in Figure 3.1). Neither

subject reported seizures during the experiment, and no interictal epileptiform discharges
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were found in their ECoG data.

SJ1 and SJ2 performed 80 and 40 flexion/extension cycles, respectively, for each level of

forearm load. Although the subjects were instructed to follow along with a virtual cartoon

arm that moved at the same velocity across every flexion/extension cycle and forearm load,

there was variability in the subjects’ elbow movements (determined from the gyroscope

data). However, SJ1’s angular acceleration of her elbow from 25◦/s to 150◦/s was relatively

unchanged across the different weight tasks. Likewise, SJ2’s angular acceleration of his elbow

from 25◦/s to 75◦/s was relatively unchanged across the different weight tasks. Therefore,

only Pγ data from these time points were used for analysis. In addition, a few flexion epochs

per weight task (up to 4 for SJ1 and up to 3 for SJ2) were discarded as outliers.

The heat-maps for the 0-, 3-, and 6-lb-load tasks are provided in Figure 3.2. Note that both

subjects demonstrated most M1 γ-band activity when they performed elbow flexion with 6

lbs on their forearm. Fourteen electrodes for SJ1 and seven for SJ2 exhibited substantial

activity and were subsequently used in post-hoc analysis to determine how the synchroniza-

tion indexes of elbow flexion changed with torque output (these electrodes are marked with

yellow stars in Figure 3.1). Tables 3.1 and 3.2 depict the results from these comparisons. As

a representative example, the synchronization indexes from SJ1’s electrode #3 at each level

of forearm load is provided in Figure 3.3. Additionally, spectral analysis did not reveal any

difference in the frequency domain signals (in the γ range) from the three load levels. An

example from one electrode in each subject is provided in Figure 3.4.

3.2.3 Discussion

The findings of this preliminary study suggest that the magnitude of γ-band power changes

with varying levels of torque output during elbow movements. Thus this feature could

be useful for designing upper-extremity BCI prostheses. Note that the changes were quite
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Table 3.1: p-values from a Mann-Whitney U test that assessed whether there was an increase
in the Pγ synchronization indexes (SI) from the 0-lb-load to the 3-lb-load task, from the 3-
lb-load to the 6-lb-load task, and from the 0-lb-load to the 6-lb-load weight task at each
electrode in SJ1. Any p-values below 0.05 are shown in bold.

Electrode # p-value of increase p-value of increase p-value of increase
in SIs from 0 to 3 lbs in SIs from 3 to 6 lbs in SIs from 0 to 6 lbs

1 0.95 <0.01 <0.01

3 0.42 <0.01 <0.01

4 0.88 0.62 0.95

9 <0.01 <0.01 <0.01

10 <0.01 0.13 <0.01

11 0.98 0.10 0.83

12 1.00 <0.01 0.99

18 <0.01 0.60 <0.01

20 0.03 0.15 <0.01

26 <0.01 0.02 <0.01

27 <0.01 0.97 <0.01

29 0.01 0.01 <0.01

35 0.20 0.09 0.01

36 0.95 0.37 0.90
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Table 3.2: p-values from a Mann-Whitney U test that assessed whether there was an increase
in the Pγ synchronization indexes (SI) from the 0-lb-load to the 3-lb-load task, from the 3-
lb-load to the 6-lb-load task, and from the 0-lb-load to the 6-lb-load weight task at each
electrode in SJ2. Any p-values below 0.05 are shown in bold.

Electrode # p-value of increase p-value of increase p-value of increase
in SIs from 0 to 3 lbs in SIs from 3 to 6 lbs in SIs from 0 to 6 lbs

10 <0.01 <0.01 <0.01

34 0.07 0.02 <0.01

35 0.12 0.02 <0.01

42 0.24 <0.01 <0.01

43 <0.01 0.01 <0.01

44 0.14 0.95 0.66

52 0.06 0.59 0.07

78



Figure 3.3: Box plot showing the quartiles of the synchronization indexes from SJ1’s electrode
#3 at each level of forearm load. The p-values represent the likelihood that the increase in
median synchronization index with increased forearm load was due only to chance and are
provided. Note that this electrode exhibited a significant increase in activity between the
3-lb-load and 6-lb-load tasks.
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Figure 3.4: PSD plots for each flexion epoch with 0-lbs (blue), 3-lbs (red), and 6-lbs (yellow)
of forearm load at electrode #3 (left) from SJ1 and electrode #43 (right) from SJ2. Note
that the epochs from each level of forearm load had highly overlapping PSDs, so there did
not seem to be any spectral ECoG changes as elbow torque was varied.
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obvious in many electrodes, which may explain why the force decoding algorithms in previous

studies (e.g. [107]) have shown good performance.

Four out of eight possible γ-band changes with increasing elbow torque were observed fre-

quently in Tables 3.1 and 3.2. These include: 1) no change across the different levels of

forearm load (i.e. probably no substantial force encoding at these electrodes for this range of

torques), 2) a significant increase between each level of forearm load, 3) a significant increase

between the 0-lb-load and 3-lb-load tasks only, and 4) a significant increase between 3-lb-load

and 6-lb-load tasks (as well as the 0-lb-load and 6-lb-load tasks) only. Thus, some electrodes

seem to only encode for the presence/absence or velocity of movement, while others seem

to encode for a specific range of forces but saturate at higher levels. The latter may be

responsible for the phenomenon of sequential activation of motor units in the spinal cord

known as spatial recruitment (see [58] for details).

Although, from Table 3.1, electrode #12 from SJ1 appear to be notable exceptions to the

above trend, we believe that electrode #12 actually did not encode force but simply exhibited

enough variability across the different load tasks that the median 3-lb-load synchronization

index and 6-lb-load synchronization index showed a statistical difference. Another exception,

electrode #35 from SJ1, exhibited slightly increased activity across the different load tasks

(i.e. it may encode torque) but was a shallow enough increase such that only the 0-lb-load

and 6-lb-load synchronization indexes were significantly different.

Limititations

The major limitation of this study was the number of subjects that participated with grids

over M1. However, ECoG grid implantation in these subjects was solely determined by

clinical indication. Nevertheless, we intend to recruit additional subjects in the future.

Another limitation was that subjects did not move identically throughout each epoch of

81



elbow flexion within and between the different levels of forearm load. Therefore, although

we were able to use segments that had similar acceleration, we aren’t able to test differences

in the duration of γ-band peaks with changes in torque. A previous study on ERD changes

in the α and β bands [287] showed an increased duration of ERD with force output.

3.3 ECoG Characteristics of Human Gait in the Leg

Primary Motor Cortex

Human gait is characterized by a repeating temporal pattern of coordinated muscle activity

that changes in frequency with walking speed [234]. The temporal profile of joint kinematics

and muscle activation that produces normal gait is depicted in Figure 3.5. Briefly, the gait

cycle consists of two major phases: the stance phase (0-62%) and the swing phase (62-

100%) [234]. The stance phase consists of two periods of double support, the first of which

occurs as the leg of interest makes initial contact with the ground (0-2%) and body weight

is transferred to it (2-12%) via the knee extensors. This leg supports full body weight as

the other leg processes forward above the ground (12-50%). Plantarflexion during this stage

facilitates forward locomotion. After the other leg touches down, a second period of double

support begins where body weight is transferred from the leg of interest to the other leg

(50-62%). The swing phase beings with the other leg bearing full body weight, so that the

leg of interest can be lifted and advanced forward (62-100%). This stage is characterized by

eccentric and concentric contraction of the ankle dorsiflexors and activation of the hip (early)

and knee (late) flexor muscles. As walking speed increases, not only is there a decrease in

the entire gait cycle duration (as mentioned above), but there is also an increase in the stride

length and the relative duration of the swing phase [308].

It has been hypothesized that the central and peripheral nervous systems interact in the

82



Figure 3.5: Movement phases (top), limb kinematics (middle), and muscle activity (bottom)
during the human gait cycle defined for the right leg (red). Stance phase lasts from 0-62%
of the cycle and swing phase lasts from 62-100%. Figures have been adopted from [234] with
modification.
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following manner to produce these patterned movements: 1) mechanoreceptors in the skin

and muscles send afferent signals to the brain and spinal cord central pattern generators

(CPGs) as well as modulate the activity of specific muscle groups through reflex arcs [281,

83, 260], 2) the brain uses this peripheral sensory information along with visual and vestibular

input to generate useful descending control signals [260], and 3) spinal CPGs then integrate

this descending (brain) and ascending (sensory) input to ultimately produce the coordinated

pattern of muscle contractions necessary for walking [96, 83]. A hypothetical network of the

neural centers involved in these gait processes is shown in Figure 3.6.

Central Pattern Generators

CPGs are thought to be local neural networks composed of coupled, antagonistic, flexor-

extensor oscillators that generate patterned activation of α motor neurons for rhythmic motor

output, such as in gait [121, 46]. This distributed organization of these generators produces

motor function without the need for constant, high-bandwidth input from the brain (control

signals for all muscles involved in gait) that would impart significant time delays to the

system [139]. Because of this advantage, CPGs may even exist for limb and body movements

that are unrelated to gait [82, 343, 344]. The evidence for CPG involvement in locomotion

is quite strong [39, 116]. In animals, CPGs produce stepping patterns [96, 146, 220], and

epidural electrical stimulation allowed spinalized rats to walk on a treadmill in a manner

that resembled voluntary locomotion [59]. In a recent study by Capogrosso et al. [43],

non-human primates were paralyzed by a thoracic-level spinal cord lesion but were able

to perform weight-bearing locomotion within one-week using an MEA BCI that delivered

patterned spinal electrical stimulation. There is also strong evidence supporting the role of

spinal CPGs in human gait [109, 37, 39, 84, 8]. In individuals with paraplegia, spinal electrical

stimulation can produce weight-bearing standing and gait-like leg movements [131, 84].
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Figure 3.6: Graph of control pathways for gait in humans with brain (red), sensory (green),
and spinal cord (blue) centers. In addition to the classical motor centers, [149] suggested that
the inferior olivary nucleus may regulate the relative input of corticospinal and rubrospinal
tracts to spinal neurons.
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Sensory Afferents

To accomplish coordinated gait movements, mechanical receptors in the limbs send sensory

information to the CPGs [82]. Load and cutaneous receptors in the lower extremities and,

to a lesser extent, stretch and proprioceptive receptors detect footfall, tactile stimulation,

etc. and relay this information to spinal CPGs. These CPGs react by inhibiting spinal

flexor circuits to initiate/maintain stance phase (extensor bias) and adjusting for obstacles

and other gait disturbances [308, 96, 301, 95, 228]. Likewise, decreased sensory input to

the CPGs (e.g. after weight shifting) disinhibits the flexor half-centers and promotes the

end of the stance phase [301]. CPGs may also become unresponsive to afferent influences at

certain times of the gait cycle, and this can induce phase transitions as well [301]. Studies in

animals and humans have demonstrated that ascending sensory signals are involved in gait

[308, 96, 88], and that disrupting these pathways contributes to gait dysfunction [339, 83].

Supraspinal Control

While supraspinal control also appears to be important for bipedal locomotion [97, 41, 220,

83], the exact mechanism by which supraspinal centers control gait is not yet fully under-

stood. Some human studies [213, 236] have suggested that intact function of the M1 is

necessary for walking, while others [187, 128] have suggested that only intact brainstem

function is required. Nevertheless, it is likely that these supraspinal centers provide high-

level commands to spinal CPGs during gait [96, 83], instead of directly activating spinal

motor neurons as proposed by Nielsen [220] and Drew et al. [91]. This allows the brain

to focus on other tasks, such as avoiding obstacles [83, 92], while the CPGs carry out the

low-level control of individual lower-extremity muscles. However, a minimum level of input

from the brain, specifically the frontal lobe, may still be required to maintain gait, since an

individual’s gait speed decreases when they perform a simultaneous cognitively-demanding
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task [340].

Neuroimaging studies have provided limited insight into the characteristics of supraspinal

gait control in humans. For example, early studies reported on increased blood flow in the

medial primary sensorimotor area during human gait [112, 161]. These results were corrob-

orated with near-infrared spectroscopy, where increases in total and oxygenated hemoglobin

were observed over the primary sensorimotor area and the supplementary motor area in re-

sponse to execution and imagination of human gait [201]. Similarly, [52], demonstrated that

leg bicycle movements were associated with increased perfusion of leg M1 and SMA areas.

However, these neuroimaging approaches are generally incompatible with upright walking

and lack the temporal resolution to study human gait at the time scale of individual steps.

Electrophysiological studies on the supraspinal control of human gait have also demonstrated

involvement of the sensorimotor cortex [329, 275, 276]. Leg M1 desynchronization in the α

(8-13 Hz) and β (14-40 Hz) bands has been observed during walking tasks [329, 275], and even

coherence between the β band and leg electromyogram (EMG) [237]. Gwin et al. [124] and

Seeber et al. [276] described cyclic α-, β-, and γ-band modulation throughout the gait cycle.

Haefeli et al. [126] observed modulation of cortical potentials (<30 Hz) during treadmill

walking with an obstacle avoidance task. However, these studies utilized noninvasive EEG,

which, as mentioned in Section 1.1.1, has significant spatiotemporal resolution limitations

and is highly susceptible to artifacts. These limitations make it difficult to draw any definitive

conclusions from existing electrophysiological gait studies, since is impossible to definitively

identify which brain areas are involved and unclear whether γ-band modulation is truly

indicative of cortical activity rather than artifacts.

As mentioned in Section 1.1.2, many of these limitations can be overcome through the use of

invasive electrophysiological recording techniques. For example, the subdural placement of

ECoG electrodes provides a more direct measure of cortical activity with high temporal and

spatial resolution, and reduces the effects of biological and motion artifacts [168, 15, 253].
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However, invasive techniques have not yet been used to study human gait. Two prior studies

[198, 262] utilized ECoG to characterize cortical activity during isolated leg movements,

and observed increased γ activity in the interhemispheric sensorimotor cortex. However, it

remains unclear if and to what extent these findings generalize to gait tasks.

In summary, prior studies generally suggest that the human motor cortex plays a role in gait

processes, but it is still unclear whether this role involves high-level control (obstacle avoid-

ance, direction changes, walking speed, etc.), low-level control (over individual lower motor

neurons), or processing and relaying sensory information to other regions (e.g. basal gan-

glia, thalamus, cerebellum). To answer some of these questions while avoiding the limitations

of noninvasive techniques, we recorded ECoG from the cortical leg motor areas of human

subjects as they performed various gait-related tasks. The resulting data were analyzed to

determine: 1) the extent of cortical involvement in human gait, 2) what parameters of walk-

ing it encodes (e.g. gait duration, stepping rate, lower limb muscle activity/trajectories), and

3) to what extent this cortical activity represents motor control rather than sensory feedback

or motion artifact. These findings have been previously published and can be found in [192].

3.3.1 Materials and Methods

The study was approved by the Institutional Review Boards of the University of California,

Irvine and the Rancho Los Amigos National Rehabilitation Center. Subjects who were clini-

cally implanted with an ECoG grid covering their leg M1 area for epilepsy surgery evaluation

were recruited for the study. Those with a history of gait deficits or musculoskeletal disease

were excluded from participation. It should be emphasized that the placement of the grids

was solely determined by clinical indication and was in no way influenced by our study.
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Data Collection

To minimize interference with clinical data acquisition, ECoG signals were split at the head-

box and simultaneously routed to the clinical and research data acquisition systems. The

research system utilized a NeXus-32 bioamplifier (Mind Media, Roermond-Herten, Nether-

lands) to sample signals at a rate of 2048 Hz from up to 32 ECoG electrodes. ECoG

signals were visually inspected, and those exhibiting excess noise were disconnected from

the amplifier. Movement trajectories were simultaneously recorded from the hip, knee,

ankle and arm on the side contralateral to the ECoG grid. Specifically, a custom-made

electrogoniometer [313] was mounted over the dorsal aspect of the ankle to measure dorsi-

flexion/plantarflexion. In addition, three gyroscopes (L3GD20, STMicroelectronics, Geneva,

Switzerland) were mounted over the distal femoral, tibial, and humeral shafts in order to

measure hip, knee, and shoulder flexion/extension, respectively. These trajectory data were

acquired at 256 Hz by an integrated microcontroller (Arduino, Smart Projects, Turin, Italy).

The ECoG and trajectory data were aligned using a common pulse train that was sent to

both the bioamplifier and microcontroller systems. All signals were recorded while subjects

performed the movement tasks described below. It should be noted that subjects partici-

pated in the experiments only after their seizures had been clinically localized and they had

been placed back on anti-epileptic medication. This minimized the likelihood of seizures oc-

curring during the experiment. Additional safety measures included the use of a bodyweight

support system (Biodex Medical Systems, Shirley, NY) during the arm-swing and walking

tasks (described below) in order to prevent falls.

Control Experiments: One of the goals of this study was to compare the spatial distribution

of motor cortical activity during gait and during isolated limb movements, so the following

control experiments were completed. Subjects performed 50 cycles of flexion and extension

(with an intervening 3-5 s pause between movements) of the hip and knee contralateral

to the ECoG grid while in a semirecumbent position. Subjects were instructed to remain
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motionless (rest) for 30 s before the first and after the last movement cycle. A similar task

was performed for ankle dorsiflexion and plantarflexion. Subjects also performed an isolated

arm-swing task, in which they stood on the treadmill and alternated between remaining

motionless (6 intervals, 30 s each) and reciprocally swinging their arms (5 intervals, 30 s

each), as during walking but without leg movements.

Casual Walking Experiment: While standing on a treadmill with 0% weight-support applied,

subjects alternated between remaining motionless (6 intervals, 30 s each) and walking at a

casual speed (5 intervals, 30 s each). This casual speed was empirically chosen for each

subject to maximize comfort and was used in all subsequent walking tasks.

Variable-Speed Walking Experiment: Subjects performed treadmill walking at the following

speeds (30 s intervals each): casual, fast, casual, slow, casual, fast, casual, slow, casual. The

slow and fast speeds were 50% and 150% of the casual speed, respectively. Subjects were

instructed to stand motionless for 30 s before the first and after the last walking interval.

Electrode Localization

First, a 3D rendering of the T1 post-implantation magnetic resonance imaging (MRI) se-

quence was generated. ECoG electrode locations were determined from prominent electrode

artifacts in the image [130]. Anatomical features were used to define M1 and surrounding

brain regions [314]. These regions were used to interpret the results of subsequent analyses.

Signal Processing

For every movement task, trajectory data were upsampled to 2048 Hz and temporally aligned

with the ECoG data. The raw ECoG signal from each electrode was common-average refer-

enced and then processed in the following manner. First, to remove any DC component as
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well as line noise (60 Hz) and its harmonics, a high-pass filter (0.05 Hz cutoff) and stop-band

filters (57-63 Hz, 117-123 Hz, and 177-183 Hz) were applied. The resulting signal was then

filtered into the following physiological bands: α (8-13 Hz), β (14-40 Hz), and γ (40-200 Hz).

These signals were squared and low-passed (3 Hz cutoff) to generate band-specific power

envelopes, Pα, Pβ, and Pγ. An example is provided in Figure 3.7, along with a picture of the

setup. Short (<10 ms) electrode disconnect artifacts that were occasionally observed in the

raw ECoG data were replaced by interpolation in the power envelope data. Segments that

contained longer capacitive discharge artifacts were discarded.

Analysis of Control Experiment Data

To analyze the motor cortical changes that occurred during the isolated hip, knee, ankle,

and arm-swing movement tasks, the following steps were performed. Angular velocity time

series (ω) were derived from the appropriate kinematic sensor during these tasks and used to

identify instances of flexion/dorsiflexion (ω�0◦/s) and extension/plantarflexion (ω�0◦/s).

Then Pα, Pβ, and Pγ for each electrode were segmented into these events. Since each subject

participated in 50 flexion and 50 extension events, there were 50 power envelope segments

for flexion and 50 power envelope segments for extension in each of the α, β, and γ bands.

Next, for each physiological band, we calculated the increase in power during each flexion

and extension segment (relative to resting), which we refer to as the synchronization index

(details in Section A.4 of the Appendix). Note that the synchronization index is positive for

cortical synchronization and negative for cortical desynchronization. Electrodes where the

central 95% of synchronization indexes across all flexion or across extension segments were

>0 (synchronization) or <0 (desynchronization) were defined as having exhibited consistent

changes.

91



Figure 3.7: Example of the experimental setup and signal processing steps for the casual
walking task. This task was comprised of six intervals of resting (or idling), each ∼30 s long
in which the subject stood motionless, interspersed with five intervals of walking (each ∼30
s long). Data from the tibial shaft’s gyroscope (contralateral to the ECoG grid) provided
the trajectory of knee flexion/extension. ECoG data from one electrode is shown in its raw,
γ-band filtered, and γ-band power envelope forms. A close-up of the knee gyroscope and Pγ
signals around the 40 s mark demonstrates the segmentation of these signals into individual
gait cycles (strides).
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Analysis of Walking Experiment Data

To determine if the subjects exhibited motor cortical changes during walking (relative to

resting), the following analysis was performed for the casual walking task. First, data from

the tibial gyroscope were used to delineate individual gait cycles, or strides, by identifying the

point of initial contact [3]. The corresponding walking task Pα, Pβ, and Pγ were segmented

into these strides for each electrode. Then, the increase in power during each stride relative

to standing motionless (i.e. the synchronization index) was calculated for every electrode

and physiological band (details in Section A.5.1 of the Appendix). Likewise, electrodes where

the central 95% of synchronization indexes across all strides were completely above or below

0 were defined as having exhibited consistent walking-related changes.

While the above analysis may elucidate generalized increases/decreases in cortical activity

during walking, we also examined whether the cortical activity exhibited periodic changes

within every stride. To this end, we calculated the ratio of the dominant frequency of Pα,

Pβ, and Pγ to the stepping rate for each 30-s movement interval from the variable-speed

walking task (details in Section A.5.2 of the Appendix). These ratios are referred to as Rα,

Rβ, and Rγ. Note that the dominant frequencies and stepping rates were determined for

each interval as the frequencies where the power spectral density (PSD) of Pα, Pβ, Pγ, and

hip angular velocity (ω) were maximal. An integer R value is indicative of cortical intra-

stride modulation that repeats every gait cycle. For example, an electrode that consistently

exhibits an R value of ∼1 indicates that there is a single, time-locked burst in nearby cortical

activity per gait cycle, regardless of the walking speed.

To determine whether the cortical activity observed during walking represents supraspinal

control of individual lower-extremity muscle groups or trajectories, the following analyses

were performed. First, every gait cycle from the casual walking task was broken into 7

phases [234]. These phases comprised loading response (0-12% of the gait cycle duration),
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mid stance (12-31%), terminal stance (31-50%), pre-swing (50-62%), initial swing (62-75%),

mid swing (75-87%), and terminal swing (87-100%). Then we compared the spatial pattern

of cortical activity during each gait cycle phase to the cortical activity patterns from the

isolated movements associated with each phase (e.g. ankle plantarflexion for mid stance, hip

flexion and ankle dorsiflexion for mid swing). Next, since prior studies have observed high

correlations between single ECoG electrodes and upper-limb trajectories [316], we evaluated

whether single electrodes from the leg M1 area encode lower-extremity trajectories during

gait. To this end, we analyzed the Pearson correlation coefficients between Pα, Pβ, Pγ and

hip, knee, ankle ω with a phase offset within the [-0.5 s, 0.5 s] range.

Finally, to determine if any of the observed cortical changes were caused by sensory feedback

or movement artifacts, the following steps were performed. First, we analyzed the temporal

relationship between onset of gait movements and the onset of cortical synchronization or

desynchronization during the casual walking task. Due to the periodic nature of walking, it

is difficult to temporally disentangle motor and sensory components of ECoG, so we focused

our analysis on the transitions from idling to walking. We chose electrodes that displayed

large changes in the α, β, or γ band and analyzed the average Pα, Pβ, or Pγ waveform,

respectively, around the onset of walking. In each physiological band, any walking-related

cortical changes that precede the onset of movement are more indicative of motor intention

than sensory/proprioceptive feedback. Next, we compared the PSD of hip ω with the PSD

of the raw ECoG data from each electrode (see Figure A.14 in the Appendix). Briefly, any

frequencies where the peaks in the raw ECoG PSD matched the harmonic peaks of hip

movement were likely contaminated by movement artifacts.
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3.3.2 Results

Subjects

Two subjects, SJ1 (F, 32 y.o.) and SJ2 (F, 38 y.o.), gave their informed consent to participate

in the study. Both had been implanted with an 84 high-density array of platinum-iridium

ECoG electrodes (Integra LifeSciences, Plainsboro, NJ) with a 2 mm diameter and a 4 mm

center-to-center interelectrode spacing. Note that these high-density electrode grids have

superior spatial resolution and signal quality compared to standard ECoG grids [148, 314].

The electrode locations, determined by MRI, are displayed in Figures 3.8 and 3.9. SJ1’s grid

and SJ2’s grid were located on the left and right hemisphere, respectively. Each subject had

≥16 electrodes positioned over the leg M1 area. Due to excess noise contamination, a total

of three electrodes (#21, 25, 26) from SJ1 and four electrodes (#18, 20, 21, 24) from SJ2

remained disconnected from the research system for the duration of the experiment. The

casual and variable-speed walking data from these disconnected electrodes were recovered

from the clinical system and aligned to the research data for analysis. However, the sampling

rate of the clinical system was 512 Hz for SJ1 and only 256 Hz for SJ2, so, for SJ2’s electrodes

#18, 20, 21, and 24, the γ band was defined as 40-127 Hz (with 128 Hz being the Nyquist

limit). To ensure that this approximation was valid, the Pγ was calculated as in Section

3.3.1 for the remaining electrodes, i.e. those connected to both the research system and the

clinical system. For electrodes that exhibited substantial walking-related power modulation,

a high degree of similarity (median correlations of 0.98 for SJ1 and 0.91 for SJ2) between

the research and clinical Pγ data was observed (see Section A.5.3 of the Appendix).

SJ1 participated in the control experiments (hip, knee, ankle, and arm-swing), as well as the

casual walking task (twice) and variable-speed walking task (twice). Due to fatigue and lack

of availability, SJ2 only completed the isolated hip, knee, and ankle movements (no arm-

swing), and participated in the casual walking task and variable-speed walking task only
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Figure 3.8: Top: Location of the interhemispheric ECoG grid electrodes in SJ1. Research
data was collected from electrodes outline in black. Electrodes outlined in grey were dis-
connected from the research system for the duration of the study, and their walking data
were recovered from the clinical system. The central sulcus (CS), precentral sulcus (PS), and
cingulate sulcus (CgS) are delineated. Also note the presence of a large pericallosal lipoma
in this subject. Bottom Left: Spectrograms from one M1 electrode (16) that exhibited
walking-related changes and one cingulate electrode (1) that did not. Note the decreased β
power and increased γ power during walking (W) compared to resting (or idling, I). Bottom
Right: The empirical 95% intervals for the synchronization indexes across strides in the α,
β, and γ bands of electrodes 16 and 1. Bands where these intervals did not cross zero were
defined to have exhibited consistent synchronization or desynchronization (*).
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Figure 3.9: Top: Location of the interhemispheric ECoG grid electrodes in SJ2. Research
data was collected from electrodes outline in black. Electrodes outlined in grey were dis-
connected from the research system for the duration of the study, and their walking data
were recovered from the clinical system. The central sulcus (CS), precentral sulcus (PS), and
cingulate sulcus (CgS) are delineated. Bottom Left: Spectrograms from one M1 electrode
(19) that exhibited walking-related changes and one M1 electrode (2) that did not. Note
the increased γ power during walking (W) compared to resting (or idling, I), as well as the
absences of α- and β-band changes. Bottom Right: The empirical 95% intervals for synchro-
nization indexes across strides in the α, β, and γ bands of electrodes 19 and 2. Bands where
these intervals did not cross zero were defined to have exhibited consistent synchronization
or desynchronization (*).
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once each. The casual walking speeds for SJ1 and SJ2 were empirically chosen as 2 mph and

1 mph, respectively. This discrepancy was due to SJ2’s smaller stature and her not being

comfortable walking at higher speeds. Nevertheless, at these speeds, toe-off for SJ1 and SJ2

typically occurred around 61% and 60% of the gait cycle, respectively. These closely match

the expected value (62%) for casual walking [234]. No epileptic discharges were found upon

inspection of both subjects’ experimental data. A total of nine artifacts (three short and

six long) were identified in SJ1’s and SJ2’s data, mostly during idling intervals, and were

removed as described in Section 3.3.1.

Control Experiment Data

Both subjects exhibited consistent α and γ changes in several electrodes during flexion and

extension of the hip, knee, and ankle. These changes were typically observed over the

interhemispheric M1 and SMA areas. Neither subject exhibited extensive β changes during

the isolated leg movements; consistent changes were only observed during hip flexion (SJ1:

electrode #6), knee flexion (SJ1: electrodes #7, 16, 24; SJ2: electrode #22), and knee

extension (SJ2: electrode #22). As expected from classic neurophysiology, no consistent α,

β, or γ changes were observed in any of SJ1’s electrodes during the arm-swing task.

Walking Experiment Data

Spectrograms are provided in Figures 3.8 and 3.9, along with the empirical 95% intervals for

the α-, β-, and γ-band synchronization indexes, for two electrodes from each subject during

the casual walking task. During this task, SJ1 exhibited consistent walking-related changes

across strides in the α (electrodes #22, 30), β (electrodes #3-4, 6, 8-12, 14-19, 21-24, 26-27,

31-32), and γ (electrodes #3-32) bands. SJ2 exhibited consistent walking-related changes

in only the γ band (electrodes #3-4, 7-8, 10-16, 19-21, 23-24, 27-29, 31-32). These cortical
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changes were concentrated over M1 in both subjects (see Figure A.13 in the Appendix).

In addition to exhibiting a generalized increase/decrease in activity during walking (relative

to idling), seven of SJ1’s electrodes also showed intra-stride modulation (R ∼1 or R ∼2)

from at least 89% (16/18) of the variable-speed walking intervals (Figure 3.10). Six of these

electrodes were located over M1, while one was located over the SMA. All of the electrodes

exhibited only γ-band intra-stride modulation, except for electrode 32 which exhibited both

β and γ-band intra-stride modulation. For SJ2, seven electrodes also exhibited intra-stride

modulation from at least 89% (8/9) of the variable-speed walking intervals. All of these

electrodes were located over M1, and all exhibited only γ-band intra-stride modulation. Of

the electrodes that showed periodic changes within the gait cycle, electrodes #14, 16, and

24 from SJ1 and electrodes #7, 15, and 21-24 from SJ2 typically exhibited Rγ ∼1 across

walking intervals, while electrode #19 from SJ2 exhibited Rγ ∼2. Four electrodes from SJ1,

electrodes #22-23 and 31-32, displayed no obvious preference for either Rγ ∼1 or Rγ ∼2

(see electrode #32 from SJ1 in Figure 3.10). However, these electrodes generally exhibited

Rγ ∼1 during slower walking and Rγ ∼2 during faster walking. The one or two bursts in

cortical γ-band activity per gait cycle, represented by Rγ ∼1 or Rγ ∼2, typically occurred

around the swing-to-stance transition (0%) and/or stance-to-swing transition (50-62%) for

both subjects (see Figure A.15 in the Appendix). Note that there did not appear to be

consistent relationship between amplitude of these Pγ bursts and walking speed (i.e. a few

of SJ1’s electrodes showed an increase in Pγ burst amplitude with faster walking, but we did

not observe this effect in SJ2).

Although the terminal stance phase of gait primarily involves the ankle plantarflexors (es-

pecially the gastrocnemius and soleus muscles), the spatial distribution of cortical γ-band

activity during terminal stance showed no obvious similarity to the spatial distribution of

cortical γ activity during isolated ankle plantarflexion (Figure 3.11a). This was also true for

the pre-swing and hip flexion (Figure 3.11b), as well as for mid swing and hip flexion and
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Figure 3.10: Electrodes in SJ1 and SJ2 that demonstrated intra-stride α, β, or γ modulation
during ≥89% of the variable-speed walking intervals are colored white; otherwise, they are
colored dark gray. The Rα, Rβ, and Rγ values (dots) from each 30-s walking interval are
displayed for SJ1’s electrodes #32 and 19 and for SJ2’s electrodes #23 and 19. Recall that
Rα is the ratio of the dominant bursting frequency in the α band to the stepping frequency,
and similarly for Rβ and Rγ with the β and γ bands, respectively. The plotted R values are
ordered in the y-axis according to their corresponding stepping rate, with the R value from
the 30-s interval with fastest stepping rate on top. The horizontal gray lines separate the R
values from fast (top), casual (middle), and slow (bottom) walking intervals. The percentage
of intervals with Rα, Rβ, or Rγ values near 1 or 2 (±0.05) is provided.
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ankle dorsiflexion (Figure 3.11c). The correlation analysis between Pα, Pβ, Pγ and hip, knee,

ankle produced no correlation coefficients above ρ=0.5. The highest correlations observed

were between Pβ and knee ω (ρ=0.48) for SJ1 and between Pγ and hip ω (ρ=0.42) for SJ2.

The lags associated with these maximum correlations were -180 ms and -305 ms, respectively,

suggesting that these Pβ and Pγ signals preceded knee and hip ω.

Synchronization in the γ band in both subjects clearly preceded the onset of movement (see

Figure 3.12). In addition, the PSD of the raw ECoG data from both subjects displayed

peaks up to ∼10 Hz that corresponded to super-harmonics of the stepping rate (see Figure

A.14 in the Appendix). Thus, although the α band may have been partially contaminated

by movement artifacts, it is unlikely that the β and γ bands were affected.

3.3.3 Discussion

This study provides the first invasive electroneurophysiological characterization of M1 activ-

ity during human walking. The results above suggest that this region is involved in high-level

gait processes. Specifically, M1 exhibits recognizable electrophysiological changes between

standing and walking as well as within each stride (regardless of walking speed), thereby

encoding both gait duration and gait speed. Moreover, this activity likely represents mo-

tor intention instead of sensory/proprioceptive information, but does not robustly encode

lower-extremity muscle/trajectory control during gait at the level of single electrodes. This

further supports the idea that M1 interacts with downstream networks, such as CPGs, to

produce the coordinated leg movements that comprise normal gait.
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Figure 3.11: Subject SJ1’s and SJ2’s increase in γ-band power (average synchronization
index) during: a) terminal stance (TS) and isolated ankle plantarflexion (APF), b) pre-swing
(PSw) and isolated hip flexion (HF), and c) mid swing (MSw) as well as isolated hip flexion
and ankle dorsiflexion (ADF). Each of the phases pictured (terminal stance, pre-swing, and
mid swing) is displayed above the control experiment data from the muscle group(s) that
are active during that phase of the gait cycle. Data from a SJ1’s electrodes #21, 25, 26 and
SJ2’s electrodes #18, 20, 21, 24 were recovered for the casual walking task but not for the
control experiments. Note the differences in the spatial distribution of motor cortical activity
for gait and non-gait movements that utilized the same muscle group(s). Quantitatively, the
adjusted-r2 values for each phase’s cortical activity as a linear combination of the relevant
control experiments’ cortical activity were 0.30, 0.07, 0.34 (SJ1) and 0.01, 0.35, 0.46 (SJ2)
for terminal stance, pre-swing, and mid swing, respectively.
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Figure 3.12: The temporal relationship between changes in the α, β, and γ band and the
onset of movement (black triangles). A few examples of the average Pα, Pβ, or Pγ waveforms
from when the subjects transitioned from standing motionless to walking during the casual
walking experiment are provided. Time zero (vertical gray line) is when the treadmill first
started moving. The black triangles indicate the time that the subjects began walking (first
lower-extremity gait movement) for each 30-s interval (10 for SJ1 and 5 for SJ2). Note
that SJ1’s and SJ2’s Pγ synchronization typically preceded the onset of movement by a few
hundred milliseconds (average of 273 ms for SJ1 and 603 ms for SJ2).
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Control Experiments

As expected from previous studies (e.g. [198] and [262]), the modulation of neural activity

over interhemispheric M1 during hip, knee, and ankle movements suggests that isolated

lower extremity movements are under cortical control. As with these prior studies, we

also observed that the spatial distribution of the hip, knee, and ankle motor representation

areas did not necessarily conform to the classical somatotopy of the motor homunculus

(with superior-to-posterior orientation [231]). However, unlike in [198], we observed: 1) an

increase in interhemispheric γ-band activity during ankle movements, and 2) no consistent

interhemispheric changes in the α, β, or γ band during arm movements (arm-swing).

Walking Experiments

This is the first study that measured cortical activity from subdural electrodes during human

gait, and our results provide direct evidence that M1 encodes walking parameters. This is

aligned with prior animal studies, which suggest that supraspinal signals [110, 230, 16], pos-

sibly of motor cortical origin [10, 11, 164, 248], contribute to locomotor control, especially

for volitional, high-level gait modifications [23, 90]. Note that although no direct comparison

has been made, many studies [97, 308, 9, 309, 41, 220, 83] have hypothesized that primates

(especially humans) rely on these corticospinal pathways for locomotor control to an even

greater extent than low animals. Our observation that much of the interhemispheric M1

undergoes generalized γ-band synchronization upon initiation of walking. This was consis-

tent across subjects, and is somewhat analogous to the γ-band synchronization seen in prior

studies during individual upper and lower extremity movements [64, 241, 198, 316, 262].

The observed γ-band synchronization was maintained throughout the entirety of each 30-s

walking interval, and did not occur solely at the onset of movement. Thus, it is unlikely that

cortical involvement is only required at the onset of walking to facilitate initial activation
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of the CPGs. However, it remains unclear whether this M1 activity is related to mesen-

cephalic locomotor region activity, which may be involved in quadruped locomotor initiation

[204, 325]. In addition, while SJ1 exhibited α- and β-band desynchronization in M1 during

walking, SJ2 did not, so these features of gait may be less consistent across individuals.

Alternatively, SJ2 may have been strongly utilizing her leg muscles to maintain her balance

during idling such that further desynchronization during walking was reduced. In contrast,

Seeber et al. [275, 276] allowed subjects to completely relax their muscles during standing by

mounting them in a robotic gait orthosis with body weight support, and observed consistent

α and β EEG desynchronization.

In addition to undergoing generalized synchronization during walking, M1 γ-band activity

was time-locked to the gait cycle across a range of walking speeds, thereby indicating that

this cortical area encodes gait speed. This agrees with previous findings in animals [10], and

suggests that the cortex may provide input to downstream networks at specific times in the

gait cycle. One possible explanation for the observation that electrodes in SJ1 exhibited one

burst in γ-band activity per stride during slower walking and two bursts per stride during

faster walking (see Figure 3.10) is that individual M1 neurons switch their bursting regime

at higher speeds. Specifically, since human spinal networks are able to produce a variety of

locomotor patterns [70], it is possible that different supraspinal inputs to the CPGs during

slow and fast walking (different number of bursts per gait cycle) are required to alter one’s

gait biomechanics. Note that although SJ2 did not exhibit this transition from Rγ≈1 to

Rγ≈2 with faster walking, her overall walking speed was substantially slower than SJ1’s (1

mph vs 2 mph for casual walking). Although oscillations in the β and α bands may be

associated with changes in muscle activation [229, 249, 237, 304], only one electrode in one

subject (SJ1) showed consistent intra-stride β modulation, and no electrode in either subject

showed consistent intra-stride α modulation. Therefore, our study did not find evidence to

support that the M1 α band encodes walking speed. In addition, the β-band intra-stride

modulation observed in a single electrode in SJ1 may actually reflect changes in the lower
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end of the γ band (∼40 Hz). Note that Figure 3.8 shows desynchronization up to ∼35 Hz,

so the 35-40 Hz range may be dominated by physiological γ signals.

Studies by Schubert et al. [273] and Capaday et al. [42] suggest that the ankle dorsiflex-

ors are more susceptible to facilitation via transcranial magnetic stimulation than the ankle

plantarflexors, possibly due to the flexor dominance of the motor cortex reported in the

literature [34, 83]. However, as seen in Figure 3.11, neither ankle plantarflexion, hip flexion,

or ankle dorsiflexion elicited the same spatiotemporal patterns during walking as when per-

formed individually, suggesting that cortical control of lower extremities is different in each

condition. Additionally, unlike upper extremity trajectories which exhibit correlation coef-

ficients of ρ>0.8 at the level of single channels [316], we only observed modest correlations

(ρ<0.5) between cortical Pα, Pβ, Pγ and hip, knee, ankle ω. This indicates that lower limb

trajectories during gait are not as robustly encoded at the single channel level. One plausible

interpretation of these findings is that M1 provides rhythmic input to spinal CPGs, rather

than directly activating motor neurons, during walking. Moreover, our results in Figure A.15

of the Appendix suggest that this cortical activity is time-locked to initial contact and/or

pre-swing. This type of bimodal, supraspinal signal could act as a pacing signal for CPGs

to: 1) carry out ipsilateral and contralateral heel strike, 2) activate certain muscles (e.g.

ankle dorsiflexors), or 3) release inhibition of other motor or obstacle avoidance pathways,

which may explain why cortical stimulation at specific times of the gait cycle facilitates lower

extremity muscle activity [273, 42].

Our results in Figure 3.12 indicate that the observed M1 γ-band activity was not caused

by sensory feedback, and is therefore likely related to motor intention. In addition, our

findings do not appear to be influenced by movement artifacts. Suspected motion artifacts

were present in the raw ECoG and gyroscope data up to ∼10 Hz, possibly from cable or

electrode movements. This observation is consistent with prior EEG studies [47]. Since the

β and γ bands were unaffected, the above results for these bands were not likely caused
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by movement artifacts. Furthermore, it is unlikely that the α desynchronization was caused

solely by movement artifacts, since a decrease, rather than an increase, in power was observed

during walking.

Comparison to Previous Studies

All previous studies on the brain electrophysiology of human gait have utilized non-invasive

recording modalities, with most studies using EEG. Since EEG is prone to contamination

by motion artifacts, many studies sought to remove these artifacts through various methods,

such as independent [124] or spectral [276] component analysis. However, it is difficult to

determine how the resulting, highly-processed signals in these studies relate to true physi-

ological activity. Moreover, motion artifacts may still have been present in the data even

after performing artifact rejection [154].

Many of the previous EEG gait studies observed wideband (α, β, γ) modulation [124, 275,

276] that appeared to be temporally-locked to the gait cycle. Specifically, these studies ob-

served components of EEG from the leg sensorimotor area with two wideband bursts per

gait cycle that typically occurred at times of double-leg support (0-12% and 50-60% of the

gait cycle). On the other hand, Haefeli et al. [126] performed a time-domain analysis by

averaging EEG across multiple gait cycles during normal walking. They observed little cor-

tical activity over the leg motor area, except possibly around the swing-to-stance transition.

However, the EEG features in the above studies are also suggestive of motion artifact con-

tamination [47, 154]. In addition, it is unclear what the γ-band changes in these studies

corresponded to, since EEG is temporally filtered by the skull [219] and has limited spatial

resolution (e.g. signals can be smeared across hemispheres and across the primary sensory

and motor areas). Without examining the raw data, it is impossible to determine whether

these findings represent true brain physiology rather than biological or motion artifacts. In

contrast, ECoG grids are much less sensitive to biological artifacts, such as ocular move-
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ments and EMG, due to their subdural placement. In addition, ECoG is expected to be less

sensitive to motion artifacts than EEG [15], and this is supported by our observations. For

example, movement artifacts that appeared as harmonics of the stepping rate were present

in the ECoG data only up to ∼10 Hz, even for fast walking. By comparison, these artifacts

can be present in EEG data up to ∼30 Hz [47]. Moreover, our data did not exhibit the

wide band modulation that is characteristic of motion artifact contamination, and changes

in both the β and γ bands preceded the onset of movement.

Currently, no studies have demonstrated that human walking speed is encoded by M1. In

the closest study, Lisi and Morimoto [174] used α- and β-band features from EEG to deter-

mine when an individual’s walking speed was changing. However, the authors did not show

that the brain itself encodes gait speed nor identified any physiological features that were

associated with changes in gait speed.

Limitations

The major limitation of this study was its small sample size (n=2). However, it should

be noted that interhemispheric ECoG grid implantation for epilepsy surgery evaluation is

extremely rare. For example, surgical epilepsy centers average only 2-3 interhemispheric

grid implantations per year [20]. Nevertheless, since we observed consistent features in both

subjects (a stereotypical pattern of γ activity throughout each gait cycle that encodes walking

as well as the stepping rate), it is reasonable to expect to that these results could generalize

to a larger population. Although the ECoG data in this study came from individuals with

epilepsy, we expect that healthy subjects exhibit similar electrophysiological features in their

motor cortices. First, the epileptic foci of both subjects were ultimately found to be localized

to the temporal lobe, so it is unlikely that there were significant neuroplastic changes to M1.

Secondly, the cortical features associated with movement in individuals with epilepsy, from

this study as well as others [64, 241, 198, 316, 262], are consistent with the electrophysiological
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features that underlie movement in individuals without epilepsy [338, 135, 318, 1]. Another

limitation was that the ECoG grids were confined to a small area of a single brain hemisphere.

Hence, it was not possible to assess the involvement of other cortical areas. For example, both

subjects had minimal coverage of the cingulate gyrus, and only SJ1 had electrodes over the

SMA. Therefore, although the SMA also appeared to participate in encoding gait, additional

subjects are needed to verify this. Similarly, elucidating the involvement of other cortical

areas will require subjects with additional ECoG grid coverage. Finally, this study utilized

treadmill walking, which may require increased cognitive effort from subjects compared

to overground walking. This could be responsible for the substantial gait-related changes

observed in M1. However, safety and space constraints precluded subjects from performing

overground walking, and treadmill walking may still be a better model of normal gait than

techniques from other studies (e.g. bicycle movements [52] and weight-supported robotic

orthosis walking [275, 276].

3.4 Summary

The two studies above suggest that upper-extremity movement force and the duration/stepping

rate of gait can be decoded from ECoG signals without computationally-expensive process-

ing or decoding algorithms. For example, we can extract certain electroneurophysiological

features (e.g. γ-band power) through simple hardware filters, and can avoid more involved

spectral processing steps that may also require more sophisticated classifiers. In fact, using

only γ-band power and a simple logistic regression classifier is sufficient to detect the occur-

rence of the swing phase of the gait cycle in one of the data sets, as shown in Figure A.16

of the Appendix, and thereby facilitate decoding of the stepping rate during walking. Thus,

electroneurophysiological findings from studies like these can be incorporated into the design

of future, implantable, movement-based BCI systems. Note that although our focus on BCI
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prostheses has been in the context of restoring SCI users’ ability to control their movements,

these devices could potentially be used by individuals with other types of severe motor dis-

ease, including stroke, ALS, and even muscular atrophy, as well as by amputees that do not

qualify for targeted re-innervation procedures (such as the one described in [160]).
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[28] N. Birbaumer, A. Kübler, N. Ghanayim, T. Hinterberger, J. Perelmouter, J. Kaiser,
I. Iversen, B. Kotchoubey, N. Neumann, and H. Flor. The thought translation device
(TTD) for completely paralyzed patients. IEEE Trans Rehabil Eng, 8(2):190–193,
2000.

[29] B. Blankertz, G. Dornhege, M. Krauledat, K. R. Müller, and G. Curio. The non-
invasive Berlin Brain-Computer Interface: Fast acquisition of effective performance in
untrained subjects. NeuroImage, 37(2):539–550, 2007.

[30] Y. Blokland, L. Spyrou, J. Lerou, J. Mourisse, G. Jan Scheffer, G.-J. van Geffen,
J. Farquhar, and J. Bruhn. Detection of attempted movement from the EEG during
neuromuscular block: proof of principle study in awake volunteers. Sci Rep, 5:12815,
2015.

[31] R. W. Bohannon. Comfortable and maximum walking speed of adults aged 20-79
years: Reference values and determinants. Age Ageing, 26(1):15–19, 1997.

[32] D. A. Borton, M. Yin, J. Aceros, and A. Nurmikko. An Implantable Wireless Neural
Interface for Recording Cortical Circuit Dynamics in Moving Primates. J Neural Eng,
10(2):1–25, 2013.

[33] D. Broetz, C. Braun, C. Weber, S. R. Soekadar, A. Caria, and N. Birbaumer. Combi-
nation of Brain-Computer Interface Training and Goal-Directed Physical Therapy in
Chronic Stroke: A Case Report. Neurorehabil Neural Repair, 24(7):674–679 6p, 2010.

[34] B. Brouwer and P. Ashby. Corticospinal projections to lower limb motoneurons in
man. Exp Brain Res, 89(3):649–654, 1992.

[35] E. Buch, C. Weber, L. G. Cohen, C. Braun, M. A. Dimyan, T. Ard, J. Mellinger,
A. Caria, S. Soekadar, A. Fourkas, and N. Birbaumer. Think to move: A neuromagnetic
brain-computer interface (BCI) system for chronic stroke. Stroke, 39(3):910–917, 2008.

113



[36] D. A. Burke, R. D. Linden, Y. P. Zhang, A. C. Maiste, and C. B. Shields. Incidence
rates and populations at risk for spinal cord injury: A regional study. Spinal Cord,
39(5):274–278, 2001.

[37] B. Bussel, A. Roby-Brami, A. Azouvi, A. Biraben, A. Yakovleff, and J. Held. My-
oclonus in a patient with spinal cord transection. Brain, 111(5):1235–1245, 1988.
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Appendix A

Additional Information and Figures

A.1 EEG and ECoG Signal Characteristics

It is important to understand the characteristics of EEG and ECoG data so that any analysis

of these signals is meaningful and statistically valid. In the following section, we discuss

some of the properties of these signals and how they relate to sensorimotor rhythm (SMR)

differences between resting and movement states. Examples from real non-invasive and

invasive data are provided.

A.1.1 Distribution

It is generally accepted that EEG signals from humans and animals exhibit Gaussian distribu-

tions [252]. Our own analysis of human M1 EEG and ECoG suggests that both resting-state

and movement-state signals are characteristically zero-mean and symmetric if sufficiently

high-pass filtered. For example, we used a cutoff frequency of 5 Hz to generate the distri-

butions in Figure A.1. However, the low frequency content of EEG and ECoG (<5 Hz) is
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rarely zero-mean or symmetric (Figure A.2). Despite that high-pass filtered EEG and ECoG

may somewhat Gaussian, this is not necessarily the case, since these signals are comprised

of multiple, underlying, physiologically-relevant signals (i.e. α (8-13 Hz), β (14-40 Hz), γ

(40-200 Hz)) that are approximately zero-mean Gaussian themselves with possibly unequal

variances (Figure A.3). Note that this heteroscedasticity leads to the excess kurtosis (>3)

in Figure A.1. In Figure A.3, we see one M1 ECoG channel that exhibited ERD in the β

band and ERS in the γ band during movement, as determined by the variance during the

resting and movement states.

Because EEG and ECoG amplitude within each physiological band are Gaussian during rest

and during movement, the square of these signals (proportional to the signal’s instantaneous

power) follows a Γ-distribution that is simply a stretched version of the χ2
1 distribution. While

the difference between the mean and variance of resting-state and movement-state γ-band

power is noticeable, it becomes more obvious when the instantaneous power is temporally

smoothed to generate a power envelope [242]. However, by smoothing, the distribution loses

its χ2
1 shape (shape parameter κ 6= 0.5). For example, in Figure A.4, we see the instantaneous

power and power envelope distributions of the same γ-band signal from Figure A.3. The

γ band’s mean instantaneous power and mean power envelope shift to the right during

movement, while we would expect the α and β band’s mean instantaneous power and mean

power envelope to shift to the left. Here we used a low-pass filter (3 Hz cutoff) for temporal

smoothing [314, 125], although other approaches, such as the Hilbert transform or moving

averages, can also be used [242, 134].

A.1.2 Temporal and Spectral Correlation

Although the electroneurophysiological signals above were shown to exhibit Gaussian-like

distributions, they cannot be generated from simple random sampling because the signals
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Figure A.1: Resting-state (blue) and movement-state (red) EEG and ECoG when high-
pass filtered with a 5 Hz cutoff. (a,b) EEG from C3 (international 10-10 system [49]) in a
healthy subject, (c,d) EEG from Cz in a stroke subject, (e,f) ECoG from an M1 electrode
in a subject undergoing epilepsy surgery evaluation. The mean (µ), standard deviation (σ),
skewness (µ3), and kurtosis (µ4) are provided for each distribution.
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Figure A.2: Resting-state (blue) and movement-state (red) EEG and ECoG when band-pass
filtered with 0.1 and 5 Hz cutoffs. (a,b) EEG from C3 in a healthy subject, (c,d) EEG from
Cz in a stroke subject, (e,f) ECoG from an M1 electrode in a subject undergoing epilepsy
surgery evaluation. The mean (µ), standard deviation (σ), skewness (µ3), and kurtosis (µ4)
are provided for each distribution.
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Figure A.3: Resting-state (blue) and movement-state (red) ECoG from one M1 electrode
when filtered into the α (a,b), β (c,d), and γ (e,f) physiological bands. The mean (µ),
standard deviation (σ), skewness (µ3), and kurtosis (µ4) are provided for each distribution.
Note the decrease in the β band’s variance (ERD) and increase in the γ band’s variance
(ERS) during movement compared to the resting state.
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Figure A.4: Distributions of the instantaneous power (a,b) and power envelope (c,d) in the
γ band from one M1 ECoG electrode during rest (blue) and during movement (red). The
mean (µ), standard deviation (σ), skewness (µ3), and kurtosis (µ4) are provided for each
distribution. Note the increase in the means during movement (b,d) compared to during
rest (a,c).
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are highly temporally correlated. In the example provided (Figure A.5), the ECoG signal

from this M1 electrode exhibits autocorrelations of >0.5 for time lags of le6 ms. In addi-

tion, the signal’s autocorrelation decays with increasing time lag at a similar rate to its β

band content, since this happened to be the most dominant frequency band (Figure A.3).

Note that, as expected, the autocorrelation for higher frequency signals (e.g. γ) decays more

rapidly than for slower frequencies (e.g. α). When temporal smoothing is implemented,

autocorrelations >0.5 are maintained at much longer time lags (>100 ms depending on the

extent smoothing). Spectral (frequency domain) correlations (Figure A.6) are also substan-

tial, with autocorrelations >0.5 for frequency lags up to ∼3 Hz. Note that this is expected

physiologically, since it is unlikely that millions of neuron synaptic currents in the brain are

all modulated together at precise frequencies.

A.2 Safety of BCI-FES Physiotherapy for Stroke Sur-

vivors with Foot-Drop

A.2.1 Dorsiflexion-Related “Importance” a.k.a. the µ-Metric

The µ-metric [215] was calculated for each channel (c) and frequency bin (f) as:

µc,f =
1

4
ln

(
Σ2

ΣIdleΣDorsiflex

)
(A.1)

where ΣIdle and ΣDorsiflex are the variances in EEG power during idling and dorsiflexion

respectively, and Σ is the total variance in EEG power.
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Figure A.5: Temporal autocorrelations of a 6-min-long ECoG signal when: high-pass filtered
at 5 Hz (blue), band-pass filtered from 8-13 Hz (red), band-pass filtered from 14-40 Hz
(yellow), and band-pass filtered from 40-200 Hz (purple). Markers (black “x”s) indicate the
temporal lag (in ms) at which the autocorrelation of each signal type approached 0.5.
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Figure A.6: Spectral autocorrelations at frequency lags from 0-10 Hz using the same 6-
min-long ECoG signal as Figure A.5 after band-pass filtering from 5-200 Hz. Note that
autocorrelations >0.5 are maintained up to lags of 2.9 Hz.
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A.2.2 Spatial Maps of Dorsiflexion-Related “Importance”

The frequencies important to dorsiflexion for each subject may not be broadly distributed.

Thus, to determine if subjects’ most salient EEG channel for foot dorsiflexion changed

throughout the study, the maximum µ value across all frequency bins was calculated from

the training data of each BCI-FES session. This ensured that these salient features were not

lost. The resulting values from each session were either (1) normalized to the highest (per

session) value and displayed in Figure A.7 or (2) averaged across sessions to create average

dorsiflexion-related “importance” plots (Figure 2.8 in Section 2.2.2 and Figure A.8 below).

A.2.3 ERS and ERD Calculation

At each channel and frequency bin, the ERS and ERD of the kth epoch were calculated as

follows:

ERSk =
Pk − E[PDorsiflex]

E[PDorsiflex]
(A.2)

ERDk =
Pk − E[PIdle]

E[PIdle]
(A.3)

where Pk is the average power of the kth epoch, and (E[PDorsiflex] and E[PIdle]) represent

the mean power during all “Dorsiflex” and “Idle” epochs, respectively. Note that the time-

resolved (not time-averaged) power of the kth epoch, Pk(t), was used to calculate the time-

resolved ERS plot in Figure 2.7 from Section 2.2.2.
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Figure A.7: Relative importance of each EEG channel for all training sessions. Highly
important channels appear white, while channels that are unrelated to foot dorsiflexion
appear black. Note that channel Cz is highly important to most subjects’ dorsiflexion, and
that no subjects exhibited consistent changes in their “important” channels.
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Figure A.8: Map of the importance of each EEG channel for subject S1’s (A), S2’s (B),
S3’s (C), S4’s (D), S5’s (E), S6’s (F), and S7’s (G) control of dorsiflexion, from unimportant
(dark blue) to highly important (dark red).
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A.3 Custom Arduino Software

A few general linear algebra functions (written in C++) for microcontroller platforms are

provided in Figures A.9, A.10, and A.11. Note that this code has been modified for concise-

ness, but can be found in its entirety at https://github.com/cbmspc/PortableBCI, along

with other useful functions.

A.4 The Synchronization Index

Here we define the synchronization index used in Sections 3.2.1 and 3.3.1 for the α, β, and

γ bands. For each movement task, Pα, Pβ, and Pγ for each electrode were segmented into

flexion and extension events. If the subject participated in 50 flexion and 50 extension events,

then there were 50 power envelope segments for flexion and 50 power envelope segments for

extension in each of the α, β, and γ bands. For the α band we calculated the average value

of each of the 50 power envelope segments corresponding to flexion (Fα1 ,Fα2 ,...,Fα50), and

the collection of these values is referred to as Fα. Likewise, Fβ and Fγ refer to the collection

of power envelope segment averages for the β and γ bands, respectively. For the extension

events, Eα, Eβ, and Eγ were obtained in a similar manner. The average value of Pα during

the entire time that the subject was idling (not performing flexion or extension) is referred to

as Iα. Similarly, we obtained Iβ and Iγ from Pβ and Pγ, respectively. Next, a measure of the

cortical power increase during each flexion/extension event relative to idling was calculated.

This measure is referred to as the synchronization index (SI), and for the kth flexion event

in the α band it is defined as:

SIu,k = 10× log10

(
Fαk

Iα

)
(A.4)
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Figure A.9

void MatrixMultiply(double *A, double *B, double *C, int n, int m, int p)

// C is n x p, A is n x m, B is m x p

int i, j, k;

for (i = 0; i<n; i++)

for (k = 0; k<p; k++)

C[i*p + k] = A[i*m] * B[k];

for (j = 1; j<m; j++)

C[i*p + k] += A[i*m + j] * B[j*p + k];

void MatrixTransposeSquare(double *A, int n)

// Overwrites n x n matrix A

int i, j;

double el;

for (i = 0; i < n; i++)

for (j = 0; j < i; j++)

el = A[i*n + j];

A[i*n + j] = A[j*n + i];

A[j*n + i] = el;

void Normalize(double *w, int n)

// Vector normalization of w

int i;

double norm;

norm = 0.0;

for (i = 0; i < n; i++)

norm += pow(w[i],2.0);

norm = sqrt(norm);

for (i = 0; i < n; i++)

w[i] /= norm;

void CholeskyDecomp(double *B, int n)

// Cholesky decomposition of matrix B = L * L’ where L is lower triangular

// Overwrites n x n matrix B with L

int i, j, k;

for (i = 0; i < n; i++)

B[i*n + i] = B[i*n + i];

for (j = 0; j < i; j++)

B[i*n + j] = B[i*n + j];

for (k = 0; k < j; k++)

B[i*n + j] -= B[i*n + k] * B[j*n + k];

B[i*n + j] /= B[j*n + j];

B[j*n + i] = 0.0;

B[i*n + i] -= pow(B[i*n + j],2.0);

B[i*n + i] = sqrt(B[i*n + i]);
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Figure A.10

void LowerTriangularInverse(double *L, int n)

// Solves for L^-1, where L * L^-1 = I and L is lower triangular

// Overwrites n x n matrix L with L^-1

int i, j, k;

for (i = 0; i < n; i++)

for (j = 0; j < i; j++)

L[i*n + j] = -L[i*n + j] * L[j*n + j];

for (k = j + 1; k < i; k++)

L[i*n + j] -= L[i*n + k] * L[k*n + j];

L[i*n + j] /= L[i*n + i];

L[j*n + i] = 0.0;

L[i*n + i] = 1.0 / L[i*n + i];

void EigSolve(double *A, double *eig, double &l, int n)

// Calculates principal eigenvector/eigenvalue via iterative method

// A is n x n

int i, j, it;

bool repeat;

double eig_tmp[n], l_n[1], l_d[1];

eig[0] = 1.0 / sqrt((double)n);

for (i = 1; i < n; i++)

eig[i] = eig[0];

it = 0;

do {

it++;

MatrixMultiply(A, eig, eig_tmp, n, n, 1);

Normalize(eig_tmp, n);

repeat = false;

for (i = 0; i < n; i++)

if (fabs(eig[i] - eig_tmp[i]) > 0.0001 && it<100)

repeat = true;

eig[i] = eig_tmp[i];

} while (repeat);

MatrixMultiply(A, eig, eig_tmp, n, n, 1);

MatrixMultiply(eig, eig_tmp, l_n, 1, n, 1);

MatrixMultiply(eig, eig, l_d, 1, n, 1);

l = l_n[0] / l_d[0];
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Figure A.11

void GeneralizedSelfAdjointEigSolver(double* A, double* B, double* w, int n)

// Calculates principal eigenvector/eigenvalue for

// Generalized eigenvalue problem (i.e. Av = lBv)

// A and B are n x n matrices

double C[n*n], w_tmp[n], l, D[n];

CholeskyDecomp(B, n);

LowerTriangularInverse(B, n);

MatrixMultiply(B, A, C, n, n, n);

MatrixTransposeSquare(B, n);

MatrixMultiply(C, B, A, n, n, n);

EigSolve(A, w_tmp, l, n);

MatrixMultiply(B, w_tmp, w, n, n, 1);

Normalize(w, n);

void LDA(double *mu1, double *mu2, double *S1, double *S2, double *w,

... int n1, int n2, int n)

// Calculates projection w that maximizes the

// generalized Rayleigh Quotient (w’ Sb w) / (w’ Sw w)

// S1 and S2 are the n x n covariance matrices from the two classes

// n1 and n2 are the number of samples from each class

int i, j, k;

int ntot = n1 + n2;

double p1 = (double)n1 / (double)ntot;

double p2 = (double)n2 / (double)ntot;

double d, mu[n], Sw[n*n], Sb[n*n];

for (j = 0; j < n; j++) {

mu[j] = p1*mu1[j] + p2*mu2[j];

for (i = 0; i < n; i++)

for (j = 0; j < n; j++)

Sw[i*n + j] = p1*S1[i*n + j] + p2*S2[i*n + j];

for (i = 0; i < n; i++)

for (j = 0; j < n; j++)

Sb[i*n + j] = p1*mu1[i] * mu1[j] + p2*mu2[i] * mu2[j] - mu[i] * mu[j];

GeneralizedSelfAdjointEigSolver(Sb, Sw, w, n);
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Note that the synchronization index during flexion/extension is positive for cortical synchro-

nization and negative for cortical desynchronization.

A.5 ECoG Encoding of Human Gait

A.5.1 Walking Experiment Data

The casual walking task data was processed similarly as the isolated limb movement data

above. For each electrode, Pα, Pβ, and Pγ from the casual walking task were segmented into

each of the n strides. Then, for the α band, we calculated the average value of each power

envelope segment from the n strides (Sα1 ,Sα2 ,...,Sαn), and refer to the collection of these

values as Sα. Likewise, Sβ and Sγ refer to the collection of power envelope segment averages

for the β and γ bands, respectively. The average value of Pα during the entire time that the

subject was standing motionless is referred to as Iα. Similarly, we obtained Iβ and Iγ from

Pβ and Pγ, respectively. Figure 3.7 shows a sample ECoG signal after each step of the signal

processing procedure. To assess which brain areas exhibited a substantial change in activity

between standing and walking, the synchronization index of each stride was calculated across

all electrodes and physiological band. The synchronization index (SI) of the kth stride in the

α band was defined identically as in Equation A.4 except with Sαk
instead of Fαk

. Again, the

synchronization index during walking is positive for cortical synchronization and negative

for cortical desynchronization.

A.5.2 Analysis of Intra-stride Amplitude Modulation

For each 30-s movement interval from the variable-speed walking task, Welch’s power spectral

density (PSD) estimate of hip angular velocity (ω) was calculated [289]. We used angular
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velocity of the hip since the femur exhibits a single oscillation per gait cycle. For the range

0.25-3 Hz, which covers a wide variety of walking speeds, we used the dominant frequency

(maximum PSD) to determine the stepping rate. Next, for each electrode and 30-s interval,

the dominant frequency of Pα was calculated and then divided by the stepping rate. This

ratio is referred to as Rα. Likewise, Rβ and Rγ values were calculated from Pβ and Pγ,

respectively. Figure A.12 shows the dominant frequencies of Pγ, stepping rates, and Rγ

values from three intervals corresponding to slow, casual, and fast walking. Note that Rγ

values consistently around 1 indicate the presence of a single peak in γ-band cortical activity

per gait cycle, regardless of the walking speed.

A.5.3 Correlation Between the Research and Clinical System

Both subjects (SJ1 and SJ2) had ECoG electrodes that were disconnected from the research

system. Data from these electrodes were still acquired by the clinical system, however the

acquisition settings (sampling rate, hardware filters, etc.) of the clinical and research systems

were different. To ensure that the Pα, Pβ, and Pγ acquired by both systems from a single

electrode were similar and therefore exchangeable, a correlation analysis was performed for

electrodes that were connected simultaneously to the research and clinical systems. For

the electrodes that experienced substantial gait-related modulation, the median Pearson

correlation coefficient between Pα signals from the research system and Pα signals from the

clinical system was calculated using the casual walking task data. This was repeated for Pβ

and Pγ. The resulting median correlation coefficients for Pα, Pβ, and Pγ were 0.97, 0.98, and

0.98, respectively, in SJ1 and 0.56, 0.76, and 0.91, respectively, in SJ2. Note that SJ2 did

not exhibit substantial α or β changes, so the modest correlations observed for these bands

in SJ2 may simply relate to the different noise characteristics of each system. When this

analysis was performed on all the electrodes connected simultaneously to both systems (not

just those that demonstrated substantial gait-related modulation), the median correlation
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Figure A.12: Comparison of the stepping rate and the dominant frequency of Pγ from an
electrode that typically exhibited Rγ values near 1 or 2 across all 30-s walking epochs.
Examples from a slow, casual, and fast walking epoch with Rγ values near 1 are provided.
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coefficients for Pα, Pβ, and Pγ were 0.96, 0.97, and 0.96, respectively, in SJ1 and 0.49, 0.70,

and 0.86, respectively, in SJ2. Therefore, the signals acquired by both systems in each

physiological band were generally similar to one another, justifying the use of the clinical

system’s data as a substitute for the data missing from the research system.
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Figure A.13: Spatial distribution of movement-related α- and β-band desynchronization and
γ-band synchronization from the motor cortex of both subjects (SJ1 and SJ2) during walking.
Electrodes that are colored red exhibited strong desynchronization/synchronization. Those
that are not colored (gray) did not exhibit consistent desynchronization or synchronization
during walking.

159



Figure A.14: The power spectral density (PSD) of the hip gyroscope data (black) and the
raw, unprocessed ECoG data from one electrode (gray) in subjects SJ1 and SJ2 during
casual walking. Solid lines represent the median PSD across all walking intervals, while the
dashed lines represent the first and third quartiles. Note that the PSDs of the raw ECoG
and gyroscope data exhibit high-amplitude peaks at superharmonics of the stepping rate up
to ∼10 Hz. Thus, we suspect that the low-frequency physiological bands (especially δ and
θ) were contaminated with motion artifacts. Although δ oscillations have been associated
gait [247], we did not use this band in further analysis due to the possibility of artifact
contamination, and instead focused on higher frequency bands that appeared less susceptible.
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Figure A.15: The increase in γ-band movement-related power (median synchronization in-
dex) for specific electrodes in subjects SJ1 and SJ2 during each phase of the gait cycle
(LRinitial contact/loading response, MSt–mid stance, TSt–terminal stance, PSw–pre-swing,
ISw–initial swing, MSw–mid swing, and TSw–terminal swing). A depiction of the leg po-
sition and the highly active muscle groups (HF–hip flexors, HE–hip extensors, KF–knee
flexors, KE–knee extensors, ADF–ankle dorsiflexors, APF–ankle plantarflexors) during each
phase is provided [234]. For each subject, the same colorbar is used across all phases for com-
parison purposes. Note the increases in power around the swing-to-stance transition (loading
response) and the stance-to-swing transition (pre- and initial swing) for many electrodes in
both subjects.
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