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CHAPTER 1

Introduction

1.1 INTRACORTICAL BRAIN COMPUTER INTERFACES

This chapter is derived from a review paper we have already published [1]. Voluntary limb
movement in primates, including able-bodied people, is achieved in part by the conveyance
of high level motor commands from neurons in the motor cortex and other cortical areas
to neurons within the spinal cord. In response to input from these so-called upper motor
neurons, as well as inputs from other descending systems and cells local to the spinal
cord, alpha (lower) motor neurons then activate muscle fibers generating motion. Injury
or disease, such as brainstem stroke or loss of a limb, can disconnect the cortex from its
effector target. Ongoing research is focused on building technological bridges between the
motor cortex and external devices in order to restore motor function. When these systems
work as designed, the intent to move again becomes translated into overt action.
Variously labeled as neural interfaces, neural prostheses, brain machine interfaces (BMI)
or brain computer interfaces (BCI), this technology promises to be useful to a large number
of people. In the United States alone, it is estimated that 1.6 million Americans live with
limb loss [2] and 5.5 million people experience some form of paralysis [3] including 50,000
individuals who have complete tetraplegia (severe functional impairment or paralysis of both
arms and legs) [4]. Commonly, people with tetraplegia rely on others to perform routine,

everyday actions. Responding to the need for better assistive devices, BCI technology could



provide a control signal for any range of devices: a computer, robotic or prosthetic arm, or
a powered wheelchair. For a true restorative function, people suffering from paralysis of an
arm might, in the future, be able to recover control by re-animating the affected muscles via
brain-controlled functional electrical stimulation (FES); others with limb loss could employ
a cortically-controlled robotic prosthesis that emulates arm and hand actions.

This thesis work focuses on intracortical brain computer interfaces (iBCIs) where, for
example, microscale probes having 96 fine tipped microlelectrodes in a compact 4 x 4 mm
array are inserted into the cortex (reviews of scalp-based electroencephalography (EEG)
and brain surface-based electrocorticography (ECoG) BCIs can be found in [5] and [6]
respectively). The sensors are sensitive enough to pick up the discrete all-or-none output
of single neurons, the action potential, commonly referred to as a spike, as well as the
summed voltage fluctuations from small to large numbers of neurons, called field potentials.
Each electrode provides spiking from up to a few neurons (typically 1 or 2), yielding the
population’s time evolving output pattern. These represent but a small sample of the entire
set of neurons in this limited region, as spiking can only be detected by microelectrodes
closely approximated to a neuron.

Spikes are desired because they are the information-rich signal nearly universally em-
ployed by neurons for communication in the brain. Beginning approximately 50 years ago,
experiments by Evarts and others helped to reveal how individual cortical neurons, recorded
one at a time, control voluntary movement, helping to lay the groundwork for current iBCI
work, e.g., [7-12]. Multielectrode approaches helped to provide [13,14] early examples
of real-time prediction of an animal’s wrist position from the decoded motor cortex out-
put [15,16], and enabled animals to perform simple tasks via an external device [17]. The
first clinical realization of these technologies occurred in 1998, when a person with amy-
otrophic lateral sclerosis (ALS) paralysis controlled an on-off switch using two electrodes
implanted in the motor cortex [18].

Based upon the many years of publicly funded basic science, research beginning in
2000 demonstrated that monkeys could use motor cortex spiking patterns to control a
computer cursor in two or three dimensions [19-23]. Soon afterwards, in 2004, the first

demonstrations of intracortically-directed 2D cursor movements and simple robotic control



were accomplished by people with tetraplegia using an iBCI [24]. This was followed by iBCI-
enabled 3-D control of a prosthetic arm by non-human primates [25]. Most recently, multi-
dimensional robotic arm control was successfully achieved for reaching and grasping actions
by people with tetraplegia [26,27]. The future promise of brain-controlled FES devices
was further demonstrated by iBCI-driven muscle control in monkeys with temporary arm
paralysis [28-30], further underscoring the potential highlighted in an initial demonstration
by a human with paralysis using an iBCI to control a simulated, dynamic FES system and
arm [31].

Modern iBCIs have several major components, illustrated in Figure 1. The user imag-
ines or attempts a movement, resulting in motor cortical neuronal activity. An implanted
multiprobe sensor of electrodes, commonly referred to as a microelectrode array (MEA),
records neural activity in the form of extracellular voltage signals. Data acquisition (DAQ)
hardware transports, amplifies, and digitally samples these signals. The data is processed
on a dedicated, real time hardware and software platform, which hosts various decoding
routines. In the typical real-time data processing stream, neural signals first are processed
to extract informative features related to intended movement, after which estimation tech-
niques translate those features into device commands. The device then carries out the

desired action as well as provides feedback to the user.

Decoder on

Implanted
Sensor

Figure 1.1: Illustration of an iBCI setup.

The core elements of an iBCI (Figure 1.1), from neural signal collection to actuation



of the effector, each require the iBCI neuroengineering team to make important decisions.
Each of these elements (which could also be broken into several smaller elements) also
presents opportunities for focused research and development. An engineering perspective
is presented in this review, where the domain of decoding encompasses the combination of
the feature extraction, estimation, and calibration elements [32]; this viewpoint is used to

organize subsequent sections.

R’

Imagery/Instruction

DAQ Hardware

..
]
]
]
]
]
]
]
]
]
]
]
]

-l

Feature Extraction

Estimation

Effectors/Feedback

| ]

Figure 1.2: Block diagram of iBCI architecture. Arrows indicate the major flows of infor-
mation, and the red-shaded box contains elements associated with decoding.

Decoder |

Prior to use, the BCI must be calibrated. Plainly stated, a map must be built between
the observed neural activity associated with intended movement and the actual movement
of the effector. First, the user (with, for example, tetraplegia due to stroke or ALS) engages
in a series of instructed behavioral tasks where various real world actions, such as the
preprogrammed motion of a computer cursor, are observed while imagined or attempted by
the user (who is unable to make them). Next, with both the neural signals and the attempted
(or, at least, instructed) movements being known quantities, calibration techniques tune
the decoder. It is important to note that during this process only the decoder has been
calibrated; no real training or learning has (yet) occurred from the user’s standpoint. While

reasonable to believe that users presented with a new and reasonably useful tool (an iBCI)



will become more proficient in its use over time [33], important questions regarding recorded
signal stability as well as the potential for simultaneous co-adaptation [34] of both the
decoder and the user yield the clear demonstration of such learning to future research.

A thorough review of the several active research areas highlighted in Figure 2 would
extend far beyond this introduction (see [35] for several excellent chapters in this regard).
Here we focus on the state-of-the-art in decoding algorithms. The emphasis is on results

that have been or may become widely adopted by the iBCI research community.

1.2 NEURAL SIGNAL FEATURE EXTRACTION

1.2.1 Overview

Once the recorded signals have gone through data acquisition steps, the decoder first per-
forms the step of neural signal feature extraction (Figure 1.3). During each operational
cycle of the decoder (aka time step), a vector of values is computed from the multivariate
time series sampled from the many voltage waveforms streaming in from the sensor. One
classical approach involves visually inspecting extracellular voltage gradients, emanating
from individual neurons and shaped by filter settings, e.g. [24]. The typically biphasic,
ms-long voltage waveforms of each channel are visually inspected to manually set time and
amplitude windows, converting them to discrete events in time, permitting detection of
spikes and their assignment to a single neuron or a cluster of them. A unit’s spikes are then
time binned to compute the spike counts of each unit in each of the time bins, creating a

point process time series for each channel.

1.2.2 Threshold Crossings

Sometimes, the shape and size of a unit’s waveform can change significantly over time.
A systematic analysis of instabilities found several cases where the combination of time-
amplitude bins traditionally used in spike sorting failed to detect spikes due to drifts in
their amplitude which can result from even small movements (on the order of a few tens of
microns of the electrode recording site with respect to a particular neuron) [37,38]. A simpler

and more robust approach may be to count the number of voltage threshold crossings within
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Figure 1.3: Illustration of a decoder’s architecture and the flow of information passing
through the various components. Matrices A, H, W, and Q represent model parameters in
the Kalman filter. Specifically, A represents the motor state transition matrix, and W is
the covariance matrix on the respective noise. Similarly, H captures how the neural features
vary as a function of motor state (the observation matrix), and @ is the covariance matrix
on the associated noise. See [36] for a detailed explanation of the Kalman filter.



a given channel and time bin [39]. Termed threshold crossings, the technique enabled no
appreciable drop in decoding performance despite significant reductions in spike amplitudes
[37]. Use of threshold crossings is gaining adoption with their use a key element in recent
pilot clinical studies [26], but success may be sensitive to signal to noise ratio, electrode

properties, the size and shape of neurons and other unknown factors.

1.2.3 Multiunit Activity

An alternative or addition to detecting spikes analyzes signal fluctuations available in the
high frequency band, e.g., between 300 - 6,000 Hz. The multiunit activity (MUA) can
also be used for iBCI control after passing through signal processing such as a nonlinear
filter [40]. More recently, in offline decoding, non-linear filtering of MUA was reported
to yield better results than either spike detection and sorting or threshold crossings [41].
3D reach and grasp in monkeys was decoded offline by extracting power information in
the 200-400 Hz frequency bands (which extends into the MUA range) [42]. In preliminary
closed-loop, head-to-head comparisons by a person with tetraplegia operating an iBCI,
MUA performance was found comparable to spike counts [43]. Perhaps most attractive
is the evidence given of MUA’s non-stationary statistics being less pronounced than other
high frequency signal options [41]. Again, caution is needed because these advantages may

be modified by amplifier or electrode properties.

1.2.4 Local Field Potentials

Other frequency bands within the range of signals generated by neural activity also contain
information about movement intent. Unlike spikes, the primary sources for a given local
field potential (LFP) signal measured in the motor cortex remains unclear. Although it
has been postulated that LFPs are the result of synaptic currents, many factors such as
spike afterhyperpolarizations can play a role [44]. Prominent oscillations, one example of
which is the commonly referred to beta rhythm, have been linked to attention [45] and
found to noticeably decrease in amplitude between movement preparation and onset [12].
In the last decade, reach direction was decoded from LFPs in monkeys in offline studies

[46-48]. The features extracted varied, for example, a Gaussian kernel smoother [46] or a



multitaper spectral analysis [48]. The frequency bands studied may contain different types
of information about intended movement; for example, the average amplitude within the
63-200 Hz band increased at movement onset relative to baseline, whereas it was observed
to decrease between 16-42 Hz [47]. Three dimensional reach and grasp in monkeys can be
decoded, offline, from intracortically-recorded low, midrange and higher frequency bands,
with the quality approaching, but not surpassing, that of spikes [49]. Figure 1.4 provides
an example from a person with tetraplegia with a sensor placed in the arm area of motor
cortex. In the presented spectrogram, there is a decrease in amplitude during intended arm
movement in the 12-40 Hz range, with both increases and decreases in power seen at other

frequency bands throughout the intended movement.
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Figure 1.4: Representative spectrogram of the local field potential in one channel, averaged
over 70 repeated trials. Time 0 denotes the instructed onset of movement (dashed line).
Colors indicate amplitude, normalized by dividing by average baseline activity prior to
movement onset (blue represents greatest reduction in activity; red represents greatest
increase in activity). The data were recorded from a person with tetraplegia intending to
move her own hand during repeated cursor control calibration trials. Note the appearance
of at least three differing bands (approximately 0-3, 3-40, and 40-100 Hz). (Printed with
permission from [38])

Using two arrays and frequency bands, 0.3-4 Hz and 48-200 Hz, classification of eight
target directions was achieved to an accuracy comparable with spikes [50]. Other reports
decoded natural arm reaches to predict arm endpoint motion and grip aperture [49, 51].

Despite these advances, comparisons between decoding with LFPs vs. spikes do not point



to LFPs as a clear winner [46,49]. The real value then of the signal is thought to lie in
providing more robust features, particularly over the course of time. For example, the ability
to detect a spike might be susceptible to array micromotions whereas the aggregate nature
of LFPs may mitigate signal changes due to tiny array movements because of their volume
conduction properties. This advantage might explain one study’s report of channels that
had lost their spikes still retaining most of their predictive power in the LFP features [52].

An alternative use for LFPs lies in identifying discrete states linked to movement. In
electrocortical studies, a person’s visual attention (versus eye movement) can be classified
above chance levels into one of eight directions [53]. In the posterior parietal cortex (PPC),
0-10 and 20-40 Hz bands have revealed the onset of motion as compared to the preparation
phase [54]. The accomplishment is an especially significant step because the decoding was
done online where the monkey used the iBCI to perform the task. Thus, LFPs could play
a part in a hierarchal decoding strategy where identification of the discrete motor state
dictates how to approach estimating the continuous variables.

Also, the precise features extracted from these broadband neural signals can make a
substantive difference in their decoding utility. Instead of LFP amplitude, recent work is
starting to reveal the role of LFP phase. Investigations into beta oscillations, for exam-
ple, have found a statistical dependence between the oscillation’s phase and target reach
direction [55]. These observations are supported by the revealed coherence between beta
oscillations and EMG recordings [56]. Spiking activity has also been linked to the phase of
beta oscillation, where directional information of the former was a function of the latter [57].
These new scientific insights suggest that extracting phase information from LFPs might
improve iBCI decoding by considering the influence of LFP waveform phase on modulations

in spiking activity.

1.3 DECODER CALIBRATION

1.3.1 Overview

In order to customize the decoder to the user, initial filter calibration exercises engage

the iBCI user. In animals, the subject is trained to perform the behavioral task, using



overt arm actions. Meanwhile, recordings of the brain activity are collected [17,19-21]. In
contrast, people with paralysis are asked to attempt arm and hand motions that would, for
example, generate planar mouse trajectories and clicks matching the computer controlled
cursor on the screen [24,58]. In these calibration sessions, the recorded neural signals and
any information processed from them are not presented to the user and thus are called open-
loop. Similar approaches can be used for initial training for the control of multi-dimensional
reach and grasp movements of a robotic or prosthetic arm [26].

The recorded neural signals and the corresponding movement information are then fed
into calibration routines which set parameters within the decoder. For example, when a
person with paralysis used an iBCI to control a computer cursor’s motion, linear regression
processed the calibration data to arrive at the needed matrices for the linear filter [24]. In
the case of a Bayesian classifier, once the neural signal samples are separated into their
respective classes, class conditioned distributions can be fit from the data, e.g., calculating
means for independent Poisson distributions [23]. The calibration procedures usually extend
to processing the features themselves. For instance, from the set of spiking units collected,
only those well modulating with reach direction as shown through ANOVA were selected
for inclusion into the decoder [22]. Such steps help to best fit the decoder’s parameters

given the calibration data while protecting against over fitting.

1.3.2 Closed-loop Calibration

The concept behind closed-loop calibration is to adjust the decoder’s calibration after a
closed-loop block of trials, one where the iBCI is used to carry out the task. The process
has an iterative nature where the previous calibration block adjusts the decoder used in the
next calibration block [20]. Supporting the approach, differences were found in neuronal
activity between actual and observed movement [59,60]. Furthermore, while observation-
tuned neurons were found to be predictive of movement direction, strictly action modulating
neurons did a better job. Even more recently, such tuning differences, depending upon
cognitive context, have also been reported in preliminary studies in clinical trial participants
with tetraplegia [61].

Closed-loop decoder calibration has been used successfully to enable control in able-
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bodied monkeys [25,62] and in people with tetraplegia (see Figure 1.5) [26,63]. An inno-
vation is to run an automated software routine to assist epochs of “brain control” (that is,
iBCI-controlled movements, as opposed to hand-controlled movements), thereby increasing
trial success. In early iterations, considerable assistance is provided, but with each iteration
it lessens until the task is completely governed by brain-control. Not only is the technique
thought to improve the decoder, but the user’s neural activity appears to change to ac-
commodate the iBCI. In several studies, the response characteristics of units changed as
the monkey learned a task [64]. When a tuned decoder was intentionally altered while a
monkey was operating an iBCI, units’s firing rates changed during continued use of the
iBCI [34]. In another closed-loop iBCI experiment, rats improved their task success rate
without changing their overt behavior [65]. Thus, use of closed-loop calibration appears to
allow both the user and the decoder to update their internal calculations in an effort to

converge on stable configurations for useful closed-loop iBCI operation.
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Figure 1.5: Tllustration of the closed-loop calibration technique. (a) The black line shows
cursor trajectory; the blue and red dots show the starting point and goal, respectively. At
each sample time, the direction between the cursor and goal is calculated (red arrows).
This direction is then compared with the current cursor heading in order to generate an
error signal with which to adjust the decoding tuning parameters. (Printed with permission
from [63].) (b) A similar technique can be applied in the 3D case. (Adapted with permission
from [26].)

Sometimes, long after a stable mapping has been reached, it changes, making the initial
decoding model inaccurate. Fortunately, there are mathematical frameworks to formalize
possible paths of deviation and ways to fix this problem. On the efficiency side, a recursive

least squares formulation can prevent one from having to reconsider all prior calibration
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blocks [66]. Similarly, the problem can be cast in a Bayesian context [67]. These innovations
get closer to how best to utilize and efficiently process the closed-loop calibration data to

adapt the decoder.

1.3.3 Dimensionality Reduction and Regularization

Several methods seek to remove or discount one or more neural activity features collected
during filter calibration in order to make the decoding more accurate. One direct way to
go about this is to focus on well-isolated single unit activity (SUA). By comparing changes
in waveform characteristics, spike intervals, and directional tuning, one study chose a small
subset of 10-15 units from the 75-100 recorded [33]. The calibrated decoder performed well
over many days (9 days in one monkey, 19 in another).

Others have employed more automated means, such as cross validation, whereby the
calibration data is divided into three sets: training, validation, and assessment. First,
the decoder training data is used to build models, i.e. the mathematical mapping between
features and motor states. These models are then checked with the validation data set to
see which performs best and finally the true test of performance occurs with the assessment
data. If models under comparison differ by the features chosen, then a greedy method, akin
to forward stepwise regression, can find promising, though typically not optimal, subsets
[68]. This strategy yielded reductions in the number of features chosen, in some cases by a
factor of four, in 3D reach and grasp in monkeys [42,69].

Alternatively, the decoder can treat the neural signal features as being driven by a
small number of latent variables, which then represent motor intent - a technique called
dimensionality reduction. Gaussian Process Factor Analysis (GPFA), for example, both
smooths in time as well as finds a smaller set of latent features [70]. Using data from neural
ensembles, GPFA was found to improve trajectory reconstruction accuracy over standard
methods. Use of dimensionality reduction in real-time decoding reduced the number of
variables driving the decoder by approximately 90% in one case and 60% in another [71].
Furthermore, error rates in directional classification dropped dramatically from roughly 20
to 5%. Interestingly, such latent features may generate new theories about fundamental,

computational principles of the motor cortex. In a reduced space, characteristic, repeatable
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oscillations emerged, suggesting that cell populations in M1 might not encode movement
variables per se, but rather serve as a pattern generator to drive downstream computations
and eventually the movement itself [72].

These methods become particularly important if more advanced feature extraction meth-
ods are used. With LFP histories, the number of features can grow easily into the thousands.
Given such a large data set, many of the features display a redundancy which can be taken
advantage of to reject a variety of noise sources such as those of a biological nature and
recording artifacts. Dimensionality reduction and regularization is one way to be robust to
such disturbances and indeed has been successfully wielded to handle feature deluges of as
much as 6,400 features in order to achieve stable performance in ECoG work over many

days [73].

1.4 MOTOR STATE ESTIMATION

1.4.1 Overview

Given a set of features extracted from the neural signals, computations estimate the in-
tended motor state. Decoded motor states have focused largely on those surrounding arm
reaching and grasping, particularly as these functions are listed as most important to re-
store by people with high cervical spinal cord injury [74]. Specifically, many earlier studies
investigated decoding endpoint velocity and/or position in order to control the movement
of a computer cursor on a screen [19-21,24]. For discrete selection, monkeys have chosen
a reach target position/direction from a finite list of options [22,23]. One end goal of the
work is to realize the possibility of enabling someone with paralysis or loss of a limb to con-
trol a robotic aid or FES-driven limb for reaching and grasping. The relatively high level
motor commands of selecting a target or controlling the endpoint trajectory could then be
converted to control commands needed to drive the effector.

A standard estimation approach is the linear filter [75] and it has been used for contin-
uous decoding, e.g., [10, 19, 20,24, 25]. Each feature value specifies the length of a vector
of fixed orientation in the motor state space. The vectors are then summed to yield the

state estimate. For discrete states, Bayesian classifiers have also proven useful [22,23]. They
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typically model the feature distributions conditioned on the discrete states as either Poisson
or Gaussian. Both methods have the advantage of being calibrated by exact methods, fast

online computation times, and relative transparency in the behavior of the tuned estimator.

1.4.2 More Accurate Estimation Models

In a head-to-head comparison, however, between linear and Kalman filtering, the latter was
shown better using several standard performance metrics of cursor control [76]. Interest-
ingly, as Figure 1.6 shows, the Kalman filter did not always yield better cursor trajectories.
The algorithm performs the estimation based upon linear, multivariate Gaussian models
linking the features to the motor state as well as describing the motor state dynamics. The
decoder can run on the same time scale as a linear filter since the results from the linear
algebra calculations quickly reach steady state [77]. Of especial note is the fact that the
evaluation was done by people with tetraplegia operating an iBCI to control the motion of
a computer cursor. Since then, the method has provided a reliable estimation approach,
even in trials 1000 days after implantation of the sensor [58]. A variant of the technique
recently enabled two people with severe paralysis to perform 3D reach and grasp tasks by
way of a robotic arm aid [26], in one case >5 years after sensor implantation.

Careful evaluation of the true functional mapping showed a large fraction (35%) of
the unit spike counts to be nonlinearly related to intended motor control states [78] and
for this reason, some earlier attempts with iBCIs worked with nonlinear decoders [15].
Another line of research added an auto-regressive element to the feature histories [79, 80].
By combining the two types of model refinements, animals were able to operate iBCIs within
an unscented Kalman filter framework, yielding improved performance [81]. Very general
mappings between the features and states can be handled by particle filters [39,82-84] or
neural networks [15, 85].

Discrete motor states can also be introduced into the model. The resulting hybrid state
space model switches between a series of discrete modes [86]. Computational machinery
infers the state transitions during the model fitting process via methods such as expectation
maximization (EM). The technique was applied to augment the Kalman filter (95) as well

as a point process filter [87]. The augmented set of hidden motor states, like the nonlinear
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Figure 1.6: A comparison of the paths under brain control using the Kalman filter versus
the linear filter. The paths were generated by a person with tetraplegia using velocity-based
decoders during the eight-target, center-out task. Performance results are shown from two
recording sessions in which both the linear filter and the Kalman filter were sequentially
tested. The eight targets were located at 0°, 45°, 90°, 135°, 180°, 225°, 270°, and 315°.
Units indicate the number of features employed by the respective decoding filter. (Reprinted
with permission from Reference [76].)

models, free the estimator from purely linear assumptions should the calibration data show
a clear nonlinear relationship. In terms of metrics such as mean squared error, use of hybrid
state models have achieved reductions as high as 22% [88]. However, the results should be
treated with caution as the real test lies in closed-loop, head-to-head comparisons [89].
Improving the noise modeling, another line of inquiry makes the more accurate assump-
tion that the spike counts follow a Poisson process (rather than a Gaussian). This is the
territory of point process models and they account for the exact timing of the spiking se-
quences [86,90]. Unlike most linear filter methods which process spike count features within,
for example, 30 millisecond bins [25], point processes desire to isolate each unit firing event
in time for a typical time bin of 1 millisecond [91]. Decoders running point process models
improved decoding offline in animals [88,92,93] and in people [91]. Recently, one study
successfully reported performance gains online in monkeys [94]. The cost for the improved

modeling fidelity, however, is that decoding becomes more computationally intensive.
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1.4.3 Choice of Motor Control States

Increasing the degrees of freedom decoded from motor cortical activity would enable more
tasks to be performed with an iBCI and/or a greater degree of control. Reports of 3D reach
and grasp with a robotic arm in able-bodied monkeys [25] and in people with tetraplegia [26]
provide direct evidence of this and relied on expanding the state dimension from two to four
(one extra spatial dimension and a variable for grasp). For more precise control, decoders
could first determine whether or not the person is attempting a move and in what general
direction. Initial creation of such a first stage classifier was reported in monkeys [95]. Even
finer stages of motor preparation and execution can be detected with iBCls, such as shown
in macaques in which pre-trial, pre-cue, memory (remembering target location during a
delay), and post-saccade phases could be readily decoded [96].

Alternatively, the measured neural activity may better associate with a different set
of motor states. For example, a unit could be more tuned to wrist extension rather than
general upward motion [97]. Responding to the need, researchers decoded 25 joint angles
under natural reach and grasp conditions in monkeys [69] under open-loop conditions. The
strategy relied on statistical dependencies between the joint angles, allowing the kinematics
states to be compressed down to 10. As the 10 variables were estimated at each time
step, a linear transform expanded the estimate to a vector representing all 25 joint angles.
Thus, even with a relatively small sample of neurons in motor cortex, iBCIs based on motor
cortical recordings should enable complex reach and grasp movements. Forces are also
encoded in the stream of neural activity measurements [9,98]. In planar manipulandum
experiments, software simultaneously decoded force and velocity in offline analyses [99].
Estimating intended force (grip force, for example) in people with paralysis will be an
important venture, and is likely to benefit from feedback from the effector.

Functional electric stimulation (FES), driven by an iBCI, has led to temporarily para-
lyzed monkeys regaining control of their muscles. In 2008, monkeys were reported to control
wrist torques in closed-loop experiments [28]. More recently, five electrodes stimulated three
muscles that drove wrist flexion and grip [30]. Effectively building an artificial bridge from

the central nervous system to the muscles, the animals were able to pick up balls and place
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them into a receptacle. For people, control of a virtual arm was shown possible by a person
with tetraplegia, using a simulation that incorporates the complex, dynamic response be-
havior of an FES system [31]. These advancements mark key milestones towards restoring
limb control to people with paralysis.

While the majority of studies in non-human primates have focused on reaching and
grasping, research has also been proceeding in other types of motor control. Going be-
yond hand grip, individual finger movements (i.e., which finger moved) has been correctly
classified better than 80% of the time [100, 101] in offline studies. Leg kinematic offline
decoding studies in monkeys have also been performed [102], although full closed-loop loco-
motion presents interlimb coordination and balance challenges. Rats, with electrodes in the
hind limb/trunk region of M1, successfully lightened a load applied to their hips, in time
with their gait [103]. While neither study demonstrated closed-loop control over the entire
combination of movements needed to enable walking, they do suggest a route to the more
modest goals of controlling walking direction and speed as well as making any major load

adjustments.

1.4.4 Adaptive Estimation

The relationship between the intended movement of a person with tetraplegia and the
relatively tiny ensemble of neural signals used to deduce that intended movement is by
no means expected to remain stationary. Although this relationship can be stable over
time [33], both the technical factors (e.g., micromotion of the electrode with respect to
the tissue, changing characteristics of recording devices) and biological ones (e.g., cortical
plasticity) discussed earlier often change the mapping [38,104,105]. Recent research suggests
inherent physiological processes of the brain account for the majority of the instabilities [38].
Thus, adaptive decoders have been employed to refine continually the relationship between
the recorded neural signals and the expected output. For example, using Bayesian regression
methods, decoding performance was maintained in the face of model drift on the time scale
of days [67].

Ultimately, the cause of the nonstationarities may arise from a range of cognitive or

physiological state variables. For example, spikes rates may modulate by levels of attention.
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The amplitude of beta oscillations reduces upon initiation of movement [12] and the phase
of the oscillation has been shown to be predictive of spike activity [57]. Thus, directly
accounting for movement onset in the estimator may enable it to account for some of the
nonstationarities. Similarly, incorporating eye position into the estimation process can raise
iBCI performance [106]. Thus, perhaps the observed nonstationarities more reflect the
incomplete nature of existing models underlying estimators than changes to the random

noise corrupting the neural signal.

1.5 RECENT PROGRESS AND CHALLENGES

Research progress in decoders for iBCls is advancing rapidly. 2006 saw the reporting of
people with paralysis controlling a computer cursor and simple robotic devices. Only six
years later, complex 3D reach and grasp movements of assistive robotic devices was achieved
(see Figure 1.7) [26,27]. Furthermore, as has been the case in the neural prosthesis field for
504 years, publicly funded preclinical research continues to provide vital insights and new
directions for clinical investigation focused on developing restorative neurotechnologies for
people with paralysis.

At the same time, the number of decodable states is expanding [69] and other locations
besides the arm are proving to be amenable to brain-control [103]. The push for additional
motor states is being supported by an expansion of the list of features extracted such as
those seen with LFPs [52,73]. The developments promise to increase the capability of
robotic aids or prostheses.

Just as important as the degrees of freedom is the quality of control. With the intro-
duction of algorithms such as dimensionality reduction [71], the neural signal features are
becoming less contaminated by noise. Noise free signals however will not cure errors in the
model, but fortunately model sophistication is increasing as well [76,92] and so are ways
to avoid poor calibration [25,26]. These efforts fuel the hope of seeing finer control tasks
performed in the coming years.

Finally, for the technology to be clinically viable, it would ideally be reliable for very

long time periods, with a span of more than a decade being a plausible target. Preliminary
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reports, with one person successfully using an investigational iBCI (BrainGate) after 5
years, suggest great potential [58]. When sensor characteristics change with time or the
physiological mapping between intended movement and neural activity evolves, adaptive
features built into the decoder can mitigate such deviations [67]. The innovation underscores
the expectation that iBCI users will soon see implants functioning well for 10 years, and
frequent cases where iBCls are used for days at a time without any recalibration.

The iBCI field is tasked simultaneously with creating better devices for fundamental
neuroscience research and with creating viable clinical neurotechnologies. This latter goal
requires continued advances in neuroengineering, as well as rigorous clinical evaluation.
With iBCI’s becoming more capable, precise, and reliable, future research will need to then
bridge the gap between demonstrating a capability in a research trial and incorporating the
technology into the daily lives of its users. For people who are unable to move or speak due to
brainstem stroke or motor neuron disease, the impact of even modest increases in command
signal output will be immense. While this and other goals for iBCIs will likely require years
of additional research to become reality, recent strides make clear that such technologies are
moving steadily from the realm of science fiction toward the domain of devices that support

the communication, mobility, and independence of people with neurologic disease or injury.

Figure 1.7: Successful iBCI-based neural control of a robotic arm, by a person with tetraple-
gia, to reach and grasp a thermos of coffee. The microelectrode array recording the neural
data had been implanted for more than five years at the time of this achievement. (Reprinted
with permission from Reference [26].)
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1.6 WORK PRESENTED IN THIS THESIS

In order to address decoding reliability, Chapter 2 attempts to mitigate the nonstationary
nature of the neural signals. We look at the commonly extracted feature of unit firing
rates and explores how their baselines change over time. Taking advantage of the observed
sparsity in the number and frequency of these changes (which we call offsets), we develop
an algorithm for estimating the offsets at each time step and then feeds that to the Kalman
filter. This multiple offset correction algorithm (MOCA) enables the decoding to adapt to
the changing offsets. The algorithm is based upon a maximum likelihood formulation, using
an Lg norm to prevent overfitting. Significant improvement is shown in a retrospective study
of people who control a computer cursor with an iBCI. The basis for Chapter 2 derives from
a paper we have already published [107].

Despite such adaptation, decoding errors still may occur. If we can detect that such
errors have happened, then we can mitigate their impact. The strategy was motivated by
discovery of an error related potential in EEG recordings [108]. Chapter 3 thereby estimates
the degree of error the decoder is making at any given time. For example, when using an
iBCI to select buttons on a computer screen, a person may encounter the situation where
the decoder makes a large error, driving the cursor away from the button. We hypothesize
that, after the delay it takes for the person to realize the mistake, the realization is reflected
in their neural activity. We hypothesize that the recognition of the decoding error can
itself be decoded from informative neural signal features, specifically unit firing rates and
LFP amplitudes. We explore what states are decodable with iBCI’s as well as study the
information content within LFP’s. A decoder is dedicated to finding cases where a cursor
controlled by a person is meant to be driven towards a circular goal, but in fact winds up
moving away from the intended target location. An evaluation of the method’s effectiveness
was performed on closed-looped sessions in a person with tetraplegia.

Taking a cue from the dimensionality reduction of informative features such as spike
counts, Chapter 4 considers what can be thought of as dimensionality reduction of informa-
tion, not before, but after estimation. The research squarely aims to make neural decoding

more accurate by combining several simultaneous estimates of the kinematics. We develop
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and evaluate a method to mix velocity and position estimates generated by a Kalman fil-
ter. Here, we work with open-loop data, where people are instructed to attempt to drive a
cursor along a particular trajectory. In such a situation, we can compare what was decoded
to what was instructed, to get a sense for the decoding accuracy. The basis for Chapter 4
derives from a paper we have already published [109].

Chapter 5 also uses the open-loop data set in people with tetraplegia, in addition to
open-loop data from monkeys. The work develops better estimation models. We challenge
the assumption that the relationship between spike counts and hidden kinematic states is
a linear one. The novelty is that we do not assume a particular parametric form, instead
looking to the nonparametric method of Random Forests. The investigation led us to

combine the Random Forest technique with the Kalman filter in a hierarchical fashion.
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CHAPTER 2

Correcting Multiple Offsets

2.1 INTRODUCTION

This chapter is derived from a paper we have already published [107]. During iBCI setup, a
calibration process is typically used to set the parameters of the decoding algorithm (filter).
During calibration, the user attempts a series of instructed movements and the neural
signals are recorded. The overt actions of trained non-human primates can be directly
measured [17,19-23]. For people with paralysis, intended actions are assumed to match
those required to accomplish the directed tasks [26,58,76]. With the inputs and outputs
of the filter known, its internal parameters then can be estimated to capture the statistical
connection between the neural recordings and intended movement.

However, sometimes during iBCI operation, the neural firing activity or the relationship
between the neural signal and intended movement might change. Several studies have
reported this phenomenon, called nonstationarity, in which unexpected changes occur in the
statistical characteristics of the neural signals [18,21,37,38,80,104,110-112]. For instance,
in monkeys, the statistical dependency between kinematics and binned counts of detected
action potentials, i.e., spike counts, changed within a few minutes [104]. 84% of units
underwent statistically significant changes in mean firing rates in a retrospective analysis of
22 sessions where people operated an iBCI [38]. These neural signal instabilities, combined

with a nonadaptive decoding algorithm, can introduce decoding errors, rendering the iBCI
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less useful or even unusable until the decoder is recalibrated [38,80]. shenoy2006

Electrode placement [113], electrode design [114] and how the neural features are ex-
tracted from the signals [32,37,41] may have an effect on signal stability. However, in one
study, much of the intra-day nonstationarity could not be attributed to technical artifacts
suggesting that the cause is often physiological [38]. The instabilities may arise from changes
in motor or cognitive states not modeled by the decoding algorithm. While modeling more
states might improve decoding performance [106], accounting for all the relevant causal
factors may not be feasible.

To address this problem, iBCI operation could be halted and the decoding algorithm
recalibrated, for example, by the user actively using the iBCI to complete a series of pre-set
exercises. Data from this “closed-loop” variant of calibration can be combined with previous
calibrations to retune the filter [20,25-27,62,63,80,115]. The more time spent calibrating
the filter, however, the less time there is available for the user to make use of the iBCI. For
a fully automated and practical iBCI, such interruption of iBCI use for recalibration is not
desirable.

Ideally, a decoding algorithm would autonomously and “silently” (without disturbing
the user) adapt to the nonstationarities that occur during iBCI operation. Differing from
“closed-loop” filter recalibration techniques, this capability calls for the filter to adjust its
tuning parameters without knowledge of the true motor states or objectives. To this end,
an adaptive linear filter [116] and point process filters [86,117,118] have been evaluated with
simulated data. Dual Kalman filtering was run offline on experimental data from monkeys
[119]. In both offline and online conditions, also with monkeys, an unscented Kalman filter
updated its parameters via a Bayesian paradigm [67]. In the latter two approaches, the
filter’s parameters were constantly adjusted by assuming the prior motor state estimates
were close to their true values. Adaptive methods have also been developed to deal with
nonstationarities in EEG-based classification [120]. Work in the area includes decomposition
techniques that assume the observed multivariate time series are a summation of stationary
and nonstationary signals [121,122].

Here, we develop an adaptive Kalman filter that adjusts an otherwise constant term, the

offset vector, in the tuning model. For the first time, we present a method that can handle
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large, sudden nonstationarities and demonstrate improved performance over a standard,
nonadaptive Kalman filter in offline analysis of data from two people with tetraplegia using
an iBCI. Underlying the technique is a novel framework that employs penalized maximum
likelihood estimation to implement a Multiple Offset Correction Algorithm (hereafter re-
ferred to as MOCA) in order to adapt the Kalman filter. The approach is similar to those
designed to construct robust filters in the face of unknown inputs [123,124]. Perhaps most
relevant to our approach are filters built to handle large unknown impulses that are sparse
in time [125,126]. They also perform a search over a branching set of possibilities, each a
solution from closed-form calculations, to determine if and when an impulse has occurred.

This report presents the general MOCA framework as well as a specific implementation.
Methods and data for evaluating MOCA follow, including simulations and offline, retro-
spective analysis of clinical research sessions. The results demonstrate the improvement

that MOCA has over its nonadaptive counterpart.

2.2 DECODING METHODS

2.2.1 Generic Kalman Filter

The Kalman filter [36,127] has been successfully used in iBCIs [26,58,76,128,129]. At its

core, the Kalman filter assumes a Gaussian-linear model,

o ~ N (u(), P()) (2.1)
T = A1 +wi 2 wg ~ N(O, W) (2.2)
zp = Hyxp + 0 + g0 g~ N(0,Qr) (2.3)

where k is the time step, x is the d x 1 motor state vector, z is the m x 1 neural feature vector,
all model parameters reside in the matrices Ay, Hy, Wk, Qk, po, Po and the offset vector
0y, and NV (i, X)) is a multivariate Gaussian distribution with mean vector y and covariance
matrix X. The key statistical dependency between the neural features and motor states is
captured by (2.3) and is sometimes referred to as the tuning model.

At the current time step, k = n, the filter estimates the motor state, &,,, given the feature
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history from the first time step to the present, z1, 22, ..., 2, (or alternatively {z}7). Let xx
conditioned on {z}¥71 be written as x4 |{z}! or Tp|p—1- Similarly, let @) conditioned on
{z}} be written as @j|{z}} or x;. Using this notation, one way to arrive at the Kalman

filter is to maximize the a posteriori probability density (MAP) of x,,,,

T, = argmax p (:cn‘n) . (2.4)

Ln

Under models (2.1-2.3), &,, can be arrived at via recursive calculations [36,127],

Pyji—1 = ApPy_yjp—1 AL + Wi
Zpjp—1 = ApTr-1
Ky, = Py H{ (Hi Py H + Qk)il
Py = (I — KpHy) Pyjj—1

&y, = @ppq + K (26 — O — HeZgp—1) (2.5)

where, for k& € {1,2,...,n} as well as initializations @&y = po and Fyo = Py, we have

i1 ~ N (Zpp—1, Pyjp—1) and @y, ~ N (&5, Py -

2.2.2 Standard, Nonadaptive Kalman Filter for iBCI Applications

In the general formulation (2.1-2.3), the matrices and offset vector can change between time
points. However, in iBCI applications, these parameters are usually assumed constant in

time,

xp = Axp_1 + w1 wg ~ N(O, W) (2.6)

zp=Hxp+0+q,: q,~N(0,Q). (2.7)

Doing so simplifies the process of learning their values from calibration data. During filter
calibration, the participant performs tasks where z; is recorded and xj is assumed known
over many time steps. 6 is set to the feature means over samples whose & values average

out approximately to zero. Values for A and H can then be found from linear regression

25



techniques and the resulting residuals combined to form the covariance matrices W and Q.
Details about calibrating the Kalman filter for neural decoding can be found in [128,129].

As in the generic case, &, is calculated from a recursive calculation, where now all
parameters are time invariant. Furthermore, K} stabilizes over time to its steady state
value, K. In the case of iBCI’s, with time steps typically separated by 100 milliseconds
or less, K} quickly converges to K [77]. Considering the filter under these steady state

conditions, we arrive at our standard, nonadaptive Kalman filter,
zp = Ax_1 + K (zk —0— HAik_l) . (2.8)

2.2.3 General MOCA Framework

Changes in neural activity unrelated to movement can introduce decoding errors [38]. In
order to approximately model the effects of such nonstationarities in our estimate for @y,

we relax the assumption of the nonadaptive Kalman filter that 6 is constant in time (2.7),

zp=Hzp+0+q,: q,~N(0,Q). (2.9)

In effect, we go back to the generic Kalman filter model when it comes to the offset vector
(2.3). The resulting, recursive Kalman filter estimate of @y is the same as (2.8) only 6 is
replaced by 6.

The challenge then becomes choosing values for the 6;’s in order to adapt the Kalman
filter. In this paper we develop a penalized maximum likelihood approach for estimating

the offset vector history, {6}, namely,

{037 = argmax np ({z}7{0}7) =+ ({037) (2.10)

—argmin — Y Inp (=l {z} 7 {611) + 7 ({0}7) (2.11)

{831 k=1

where, we define p (21]{z}7,{0}7) £ p(21]|{6}}) for notational convenience. The penality
term ~y is necessary, because the standard maximum likelihood estimation severly overfits

the offsets. The penalty term can also be used to introduce prior knowledge or other
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constraints into the procedure (see Section 2.2.4).
It can be shown (see Appendix A) that (2.11) equates to,
{037 = argmin £ 3" (e — ) Ry (o1 — )+ ({0)]) (212)
{037 k=1

for k=1 vy = HApy+ 6
Ry = H(APAT + WYHT +Q

fork>1 v, =HAZ,_1+ 0,
Ry, = H(APy_y 1 AT+ W)H" +Q

ZTp_1 = Ao+ K (24—1 — Op—1 — HAZ_5)

where each p (zk\{z}]f_l, {9}?) is N (vg, R), Pk is computed from (2.5), @1 is now
the prior state estimate generated by a Kalman filter under observations for {z}]f*1 and a
proposed realization of {#}}, and terms not depending upon {6} have been dropped [130].

Once {é}’f is attained, we can run the Kalman filter, subtracting the estimated offsets
from the feature vectors to arrive at an estimate for the current motor state via the recursive

calculation,
xp = Ax_1 + K <Zk - ék — HACitk,1> . (2.13)

Under this general strategy, a new 6 history is estimated using (2.12) at every time step.
Thus, ék is not found recursively, but rather it is computed at each time step using the full
history {z}}. Since the homogeneous part of (2.13) is the same as the original nonadaptive
Kalman filter, MOCA inherits the stability properties of the nonadaptive Kalman filter.
[131].

2.2.4 MOCA Implementation
Constraints and Choice of Penalty for {6}7

We constrain our search over possible 6 histories and choose a penalty both to reflect our

observation that neural activity is typically stationary but, when it changes, there is a change
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in the average level of only a few neural features. This is embodied in the assumption that
changes in offsets are sparse (e.g. few neurons are affected) and that changes in time occur
rarely. The approach differs from incorporating the offsets into the hidden state, where
the state transition model is linear and Gaussian. Choosing linear and Gaussian dynamics
allows use of the dual kalman filter [132]. However, we find our modeling choices of sparsity
and sudden shifts to better reflect the nonstationarties occurring on timescales less than a
minute.

The approach also simplifies estimation of the offsets. We assume the offsets stay at
their calibrated values, €, until, at some point in the recent past, they may or may not have
made a step change to a new constant value. Let the possible shift occur at K = n — 71
and £ C {1,2,...,m} contain the indices of the offsets that have shifted. Additionally, let ¢
denote the amount each offset has shifted at kK = n — 7. The relationship between the 6;’s,

0, T, &, and ¢, is described by,

0p=0+¢ ifke{n—7n—7+1,..,n}
=0 otherwise : (2.14)

where ¢; = 0if i & &.

For our implementation, 7 was set to 5 seconds.
To capture our belief that a few nonstationary offsets are more likely than many at any

given point in time, we choose an L penalty,

v({0}7) = ¢ (2.15)

where £ is the number of nonstationary offsets. The L penalty causes (2.12) to be equivalent
to minimizing the Akaike information criterion [133]. For example, suppose there were 32
neural features, and we assumed only 5 of those features had nonstationary offsets (5 nonzero
entries in ¢). Then by (2.15), v = 5.

Other penalization choices include the Lo and L1 norm. In order to support our specific

choice of Ly over these more standard options, we set aside the first ten test cases from
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sessions with S3 for validation (see Section 2.4). Parameter sweeps were performed for the
constant weights applied to the Ly and L1 norms. The validation confirmed the Ly norm

as the best choice, but marginally so (1.5% better than the second best).

Search Strategy for Choosing which Offsets are Nonstationary

Now that permissible values for {6}} are completely defined by £ and ¢, we can recast (2.12)
as a two step minimization process, where first we propose which offsets are nonstationary

and then choose the extent to which they have shifted,

1 n
E(& ) & min |min 57 (= )R (o= )|+ (2.16)
k=1

where ¢’ contains all the nonstationary components of ¢. For example, if m = 4 and

€ =1{2,4}, then ¢/ = [p2 ¢4]7. We can express ¢ in terms of ¢/,
¢ = B¢ (2.17)

where B is an m by m identity matrix with columns associated with assumed stationary

offset components; that is. 7 : ¢ & £, removed. For example,

suppose m = 4, £ = {2,4} and ¢/ = [2.2 —3.8]7

00

10
then B =

0 0

0 1

and ¢ = [02.20 —3.8]%.

Because a complete search over all possible combinations for £ is intractable, we instead
implement the suboptimal strategy of forward stepwise search (FSS) akin to that used in
linear regression under similar circumstances [134]. The algorithm initializes £ to the null

set, meaning no offsets have changed. During the first step, we propose adding one of the
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procedure MOCA

£« 0 % Initialize nonstationary set to empty
¢ 0 o % Start with no offset corrections
compute & given ¢/, § % Compute the resulting score
while £ # all offsets do % Advance stepwise
for all i ¢ £ do % Consider all stationary offsets
£+ EUL % Propose adding i to &

estimate ¢’ given &
compute & given ¢, &
if no & improves £ then

break
else
£, ¢ <+ ¢, & with best &
compute Iy given ¢',& % Run the Kalman filter
return 7y

Figure 2.1: Overall schematic of the multiple offset correction algorithm (MOCA). At each
step in the procedure, an additional offset index, i, is added to the nonstationary set, £&. The
decision is based on improving an objective function, £, tied to maximizing the likelihood.
The process terminates when either the step fails to improve £ or all offsets are considered
nonstationary. The resulting estimates for the nonstationary offsets, qg’ , are then used to
correct the Kalman filter.

offsets to . For each of the m candidates, the procedure estimates ¢’ (see below) and
subsequently computes £. FSS then adds the candidate with the lowest £ to £&. The search
continues, adding only one offset component per step. The process terminates when &£

cannot be improved by adding an offset to £ or £ contains all offsets (see Figure 2.1).

Estimation of Nonstationary Offsets

For each ¢ proposed by the FSS, an optimal ¢’ must be chosen to evaluate £. We can
derive an approximate, closed form solution for the inner minimization in (2.16) to yield an

estimate for ¢’ (See Appendix B),

n -1 n
¢ = ( > FkTRle> ( > FkTRlyk> : (2.18)

k=n—1 k=n—1

lI>

k—1
_HA Z Si—(n=1) | KB4 B

j=n—T

F,
A ~.(0)
yp =z — HAZ " — 0
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where S = (I — KH)A, i',(co_)l is the Kalman filter estimate at time step k£ under the default
assumption that none of the offsets have changed; i.e., ¢ = 0, and R is a steady-state version
of Ri. The latter exists because, as K} quickly achieves the steady state value of K, then
by the iterative equations above in (2.5) and (2.12), Ry, also reaches R. Due to (2.18), 6y, is
bounded as long as the y;’s are bounded. This fact leads to bounded errors in estimating

x), assuming the original nonadaptive Kalman filter is uniformly asymptotically stable (see

Appendix C).

2.3 SIMULATION DATA

Before describing experiments with real iBCI data, we first illustrate the behavior of MOCA

using a controlled scenario with simulated neural data.

2.3.1 Cursor Motion Data

In order to generate the synthetic data, the velocities of arm reaching movements per-
formed by an able-bodied person were recorded and fed into a neural activity simulator.
We constructed a 2D radial-4 center-out-and-back cursor game using the MATLAB® soft-
ware platform (Figure 2.2). During each trial, the cursor was moved to within a highlighted,
circular target. The game was played for 60 seconds and cursor velocities were sampled at

a rate of 10 Hz.

2.3.2 Simulated Neural Activity

The simulator contained a tuning model of the form (2.9) with 32 features, i.e. n, = 32.
For each feature, one movement direction, on average, generated the maximum level of
activity. We distributed these preferred directions equally over the entire 360 degree range.
The model was constructed so that the feature values (mean subtracted firing rates) varied
between +£10 Hz. The Gaussian noise for each feature was independent of the others and
their variances were all set to 10 Hz.

The simulator was run in two modes: stationary and nonstationary. Under the scenario

with nonstationary offsets, the 5 features most tuned to a rightward velocity had their offsets
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Figure 2.2: Description of the 2D radial-4 center-out-and-back cursor game used to compare
the filters. a) The objective is to move the cursor (trajectory represented by the black dotted
trace) to a randomly chosen, peripheral target (filled in with gray) and then b) move it
back to the center target.

increased by 40 Hz above their calibrated values throughout the entire simulation. This 40
Hz value was selected to generate a velocity bias that appeared similar in magnitude to the

velocity biases occasionally observed in iBCI use.

2.3.3 Evaluation Procedure

Both MOCA and the standard, nonadaptive Kalman filter were run on the synthetic neural
activity to estimate the cursor velocity. The models in each filter exactly matched those
used by the simulator, except the 40 Hz offset increase when the simulation was run in
nonstationary mode. Besides comparing traces of the estimated and true velocities, the
mean absolute difference (uAD) between them was computed for both the horizontal and

vertical components.

2.4 OFFLINE CLINICAL RESEARCH DATA

2.4.1 Study Participants

Two people with tetraplegia and anarthria due to a pontine stroke enrolled in clinical
research studies where they actively controlled a computer cursor via the BrainGate2 iBCI!

to reach circular targets [58]. One participant in the study, hereafter referred to as S3, is a

LCAUTION: Investigational Device. Limited by Federal Law to Investigational Use.
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woman who enrolled in the study at age 54. Participant T2, is a 65 year old man. Prior to
the sessions examined here, S3 had been working with the iBCI for over 26 months; T2’s

prior experience was just 2 months.

2.4.2 Implant

The implant consisted of a 10 x 10 microelectrode array (Blackrock Microsystems, Salt
Lake City) inserted into the motor cortex. The hand-arm region [135] was determined by
pre-operative MRI. The electrodes penetrated 1.5 mm deep in both S3 and T2 and were
spaced 400 pm apart. Since four electrodes were non-active by design, a total of 96 voltage
signals were recorded by the array. The array was connected via insulated gold wires to a
titanium pedestal that was fastened to the skull. The pedestal functioned as a percutaneous
connector through which the voltage signals were transmitted, via a cable, to amplifiers,
analog-to-digital converters, as well as signal processing hardware and software on a nearby

cart (see [58] for details).

2.4.3 Sessions

Participants operated the iBCI to control a cursor on a computer screen. The trials consisted
of either radial-4 center-out-and-back tasks, radial-8 center-out-and-back tasks, or a random
step tracking Fitts metric task. While the details of the tasks have been detailed previously
[58], we briefly review the key aspects. The purpose of each trial was to move the cursor
through the 2D space of the screen to reach the currently highlighted circular target and
either dwell on the target for a predefined time period or select it akin to clicking with a
computer mouse. For radial-4 and radial-8 variants, the targets were located at the screen’s
center as well as equally distributed along the periphery. Adhering to a center-out-and-back
paradigm, trial sequencing first presented a peripheral target followed by the center target
(Figure 2.2). For the Fitts variant, the targets were presented at random locations on the
screen and the size of the target randomly varied, but otherwise the tasks followed the same
design as the radial-4 and radial-8 tasks.

We analyzed 20 and 22 blocks of trials from sessions with S3 and T2 respectively.

Sessions explored ranged over 22 months (792 to 1447 days after implant) for S3, whereas T2
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sessions spanned 8 months (68 to 270 days after implant). We chose sessions to encompass

a wide range of cursor control performance.

2.4.4 Pre-Filter Signal Processing

After exiting the pedestal, all 96 voltages were immediately passed through a cable to signal
processing hardware (Blackrock Microsystems, Salt Lake City). The signals then underwent
amplification, an analog bandpass (0.3 Hz to 7.5 kHz), digitization (30 kHz), and highpass
filtering (250 Hz). Either time and amplitude windows were used to manually sort spiking
units [24] or threshold crossings were employed [26,39,105]. For each unit, the number of
spikes in nonoverlapping 100 ms time bins were counted. Each component of the feature

vector corresponded to the count of a particular unit’s spike or threshold crossing.

2.4.5 Evaluation Procedure

Both MOCA and the standard, nonadaptive Kalman filter were run offline using the
recorded neural activity features to estimate the intended velocity, separate from any decod-
ing that was done during the session to control the cursor. However, unlike the simulated
data case, we did not know the true intended velocity; that is, we did not know the ground
truth of how the person intended to move during each sample interval. We did, however,
assume the person intended to move towards the target. Thus, we had a plausible value
for the velocity’s direction, but not its magnitude. At every time step, we computed the
angular error, e, between the target direction and the direction of the velocity estimated
by the filters. The mean angular error (MAE) across all time steps, k € {1,2,...,ns}, in a
trial block was used to measure decoding error; that is, MAE = nl—s > 12y lex|. Under this
metric, the average MAE over all test cases under the nonadaptive Kalman filter was 87.7
degrees. During the sessions, cursor control appeared much better than the measured error

because the error tended to fluctuate rapidly between negative and positive values.
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Table 2.1: Distribution of corrections made by MOCA during three different situations.
Because all features had an average modulation of £10 Hz, the sizes of the false corrections
made to the unperturbed offsets were relatively small.

Simulation mode stationary sim. nonstationary sim.
Offset type all 32 units 27 units 5 units
unperturbed | unperturbed | perturbed
0 Hz 0 Hz +40 Hz
correction < —2 Hz ¢ 0.00% 0.00% 0.00%
—2 < correction < 0 Hz 2.24% 0.05% 0.00%
correction = 0 Hz 95.43% 99.93% 0.00%
0 < correction <= 3 Hz 2.33% 0.02% 0.00%
3 < correction <= 38 Hz 0.00% 0.00% 0.00%
38 < correction <= 39 Hz 0.00% 0.00% 1.96%
39 < correction <= 40 Hz 0.00% 0.00% 52.42%
40 < correction <= 41 Hz 0.00% 0.00% 42.65%
41 < correction <= 43 Hz 0.00% 0.00% 2.97%
43 < correction Hz 0.00% 0.00% 0.00%

“The table shows the frequency of corrections, binned by
value, reported as a percentage.

2.5 RESULTS

2.5.1 Simulation Tests

In both stationary and nonstationary simulation mode, MOCA’s offset corrections were
recorded over time. When the simulation was in stationary offset mode, meaning the offsets
did not depart from their calibrated values, MOCA’s corrections were infrequent and minor
(Table 2.1). On average, only 1.46 + 0.57 offsets out of 32 offsets were corrected at any
given time. For those offsets that were corrected, the mean correction was relatively small
(0.75 £ 0.44 Hz compared to the average modulation range of 20 Hz).

Under nonstationary conditions, MOCA corrected for all five of the increased offsets
(Table 2.1 and Figure 2.3). Throughout the simulation, the estimate was close to the
true value of 40 Hz in all five nonstationary cases. MOCA made very few corrections to

the stationary offsets (0.02 £ 0.13 offsets out of 27 stationary offsets) on average and the

35



42 r

True change in offsets

41 r

40

[Hz]

Offset Correction

0 10 20 30 40 50 60
Time [seconds]

Figure 2.3: MOCA’s offset corrections while the simulation ran in nonstationary mode.
The colored traces indicate the corrections to 5 offsets which departed from their calibrated
values by 40 Hz (highlighted by the gray line). The vertical axis between 4.5 and 37.5
Hz was removed to zoom in on areas of interest. Because MOCA must wait for a history
of features to become available, it does not attempt to estimate offsets during the first 5
seconds of the simulation.

associated values were relatively inconsequential (0.03 +0.23 Hz vs. an average modulation
rate of 20 Hz) (Table 2.1). In addition, MOCA rapidly adapted to the offset changes. After
collecting a sufficient amount of neural activity history (7 = 5 seconds), MOCA immediately
detected the 40 Hz offset change (estimates at 5 seconds: 39.52, 39.97, 40.14, 40.34, and
40.38 Hz).

In terms of performance, MOCA was similar to the nonadaptive filter during stationary
simulation mode, i.e. when no offsets were perturbed. Specifically, the filters produced
similar estimates of the velocity. As measured by the mean absolute error between the
estimated and actual values, their performance was within 1% of each other.

However, when 5 offsets were increased by 40 Hz from their calibrated values, the ve-

locities estimated by the filters differed substantially. Specifically, while the nonadaptive
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Figure 2.4: Simulation traces comparing the two filters while in nonstationary mode. Black
traces denote true cursor velocity over time. Similarly, gray traces provide the respective
filter’s estimate of the cursor velocity. Mean absolute deviations, uAD, between the true and
estimated cursor velocity along each component summarize the overall estimation accuracy.
The simulation conditions cover the case where 5 of the offsets were increased from their
calibrated values, requiring the decoder to adapt.

decoder’s estimates revealed an error bias, MOCA mitigated that bias as shown in Figure
2.4. The mean absolute deviation dropped by nearly an order of magnitude, from 0.354 to
0.047 screen units per second in the horizontal direction under the nonadaptive filter and
MOCA respectively. In the vertical dimension, the deviation fell from 0.070 to 0.024 screen

units per second (both the width and height of the game area was 1.2 screen units).

2.5.2 Clinical Research Session Tests

MOCA was compared to the nonadaptive Kalman filter using sessions where two individuals
operated the investigational BrainGate iBCI (32 test cases). All filters were run offline to
generate velocity estimates from the feature histories in a retrospective fashion.

Use of MOCA reduced the mean angular error by 5.1 + 9.6 degrees (p< 0.05, pairwise
t-test) (Figure 2.5). MOCA had its greatest beneficial impact in trial blocks where the
nonadaptive filter gave relatively large error and did not significantly affect cases where the

nonadaptive filter reported relatively low error. Specifically, when the nonadaptive filter
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Figure 2.5: Offline comparison between MOCA and the standard, nonadaptive Kalman
filter. Each data point in the plot represents a trial block (S3 designated with blue circles
and T2 with green crosses). The horizontal position of each data point denotes the mean
angular error from the standard filter whereas the vertical position gives the same metric
when applying the MOCA variant. The light grey line is provided for reference as data
points below the line indicate a lower error under the adaptive decoder.

provided an error above 90 degrees, MOCA yielded an average reduction of 10.2 + 10.6%
(p< 0.05, pairwise t-test). Below 90 degrees, MOCA may have slightly increased error
0.7 £ 2.7 degrees, but the findings were not statistically significant (p= 0.36, pairwise t-
test).

On average, across all trial blocks, MOCA corrected 19+12% of the offsets. The fraction
of corrected offsets positively correlated with the nonadaptive filter’s performance error
(Pearson’s correlation coefficient = 0.54; p< 0.05 t-test). Among those offsets corrected,
the level of correction was relatively large. Normalized to the associated feature’s standard
deviation of modulation, the average was 0.47 &+ 0.18, nearly half the level of modulation.
When compared to the nonadaptive filter’s performance error, no statistically significant
correlation was found (Pearson’s correlation coefficient = 0.07; p-value = 0.67, t-test). One

might assume that as the error of the standard filter increases it is due to more nonstationary
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channels. This in turn would suggest more offsets corrected by MOCA. Taken together, the
results suggest that MOCA applied a higher degree of correction to the more nonstationary
blocks of trials.

MOCA’s ability to rapidly adjust modeling parameters differentiates it from other pub-
lished adaptive filtering methods applied to iBCI recordings. For example, Li, et. al. applied
Bayesian regression with a joint formulation to update parameters every two minutes [136].
We tested the Bayesian regression technique on the offline clinical data set and found the
best performance to occur when the update interval was reduced to 30 seconds. Despite
the optimization, Bayesian regression did not significantly reduce error compared to the

nonadaptive filter (2.3 £ 9.6 degrees; p-value = 0.19).

2.6 DISCUSSION

In this offline analysis, MOCA provided an improvement in decoding performance when
compared with the nonadaptive Kalman filter, resulting in increased robustness to the
decoding of nonstationary neural signals. When control was relatively poor with the non-
adaptive filter, MOCA often provided reduced error. During relatively good control under
the nonadaptive Kalman filter, MOCA demonstrated no significant positive or negative
impact. These findings are consistent with the hypothesis that occasionally iBCI control is
degraded by nonstationarities that can be approximately modeled by offsets to the baseline
firing rate. In these cases, MOCA successfully adapted the filter parameters and mitigated
the effects of the nonstationarities. Furthermore, by virtue of the algorithm’s design, the
adaptation took place in a few seconds.

The offline nature of the analysis presents limitations, but also may lead to an under-
estimate of the benefits. A decoder’s online performance can vary greatly from its offline
counterpart [89]. Online, the person controlling the iBCI can try to correct for perceived
errors generated by the decoding scheme. We anticipate that the adaptive method devel-
oped here would mitigate the nonstationarities sufficiently such that real time corrections
made by the iBCI operator would result in a marked improvement in task performance.

MOCA was developed to address a common observation that when a person operates

39



an iBCI, systematic changes in feature offsets can occur [38]. It is postulated that there
are many other types of nonstationary behavior, such as unexpected changes in tuning
direction. Modification and expansion of the presented adaptive filtering framework could
be used to handle these other cases.

The full space of possible penalty terms has yet to be explored. Specifically, as presented,
the Ly norm is not multiplied by a tunable weighting constant. One can even search more
broadly and consider the whole family of penalty L, terms, where p lies between 0 and oo.

Finally, MOCA’s search to explore which offsets are nonstationary is a partial one.
Computationally, it becomes intractable to score all possible subsets of the features (aka
powerset) as there are 2 combinations. Better search strategies or more extensive searches
combined with much larger computational power might yield even greater improvement.
For example, the small and occasional erroneously assigned corrections by MOCA might be
eliminated by backward stepwise search.

MOCA - the presented, adaptive version of the Kalman filter - improved offline decoding
performance on average in sessions where two people controlled an iBCI (21 out of 32 test
cases reported reduced error). Furthermore, the improvements were the greatest when the
effect of nonstationarities were large. The methods are derived from a penalized maximum
likelihood formulation, which serves as a formal way to model nonstationarities as offsets
and adds an adaptive mechanism to the Kalman filter, already a popular choice for decoding
in iBCIs. Thus, beyond the immediate usefulness of the instantiated MOCA algorithm, the
MOCA framework provides a foundation for constructing other offset correction algorithms
in iBCIs. MOCA may also be useful in applications, beyond iBCIs, when a Kalman filter
is applied in the context of nonstationary data. In such cases, the technique can quickly

adapt the filter solely from the observations’ history.

APPENDIX A

We seek to show that (2.11) equates to (2.12). Examining (2.11),

(037 = arguin =3 hnp (/=11 8)]) +9 (6)7) (2.19)
1 k=1
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we see that Inp (zk]{z}lf_l, {9}’11) requires evaluation. Let @y = x| {z}¥1, {07 and
Zpjh—1 = 2, {z}¥71,{6}7. As mentioned in Section 2.2.1, the current motor state given all
prior neural features and the entire offset history follows a multivariate Gaussian distribu-
tion, i.e. Tpp_1 ~ N (ﬁ:k|k_1,Pk‘k_1), where @y, and Py,_; can be produced from the
recursive Kalman filter calculations (2.5) with &9 = Apo and Py = AP0|0AT. Since qj, ~
N (0,Q) and zy;_q is a linear function of g, and xy,_1, i.e., Zgp—1 = HEpp_1 + qi, then
p (Zgp—1) = N (vk, Ry), where v, = HA&y,_1 + 0} and Ry, = H(APk_”k_lAT—i—W)HT—i—Q.
Inserting N (vg, Ry) into Inp (zk\{z}]f_l, {9}?) yields,

np (=x[{=}i~" {6}7) =

In [(2m) 72 | Ry | /26 3 Ge ) R G

1 -
= =5 (=) Bt (ax —vi) +C (2.20)

where C' is a constant with respect to {6}7.

APPENDIX B

We seek to prove the inner minimization of ¢’ in (2.16) is solved approximately by (2.18).
Because we assume a single step change in the offsets at £k = n — 7, summation terms in
(2.16) associated with k < n — 7 are constant with respect to ¢’ and thus can be removed

from the optimization,

N 1 «
¢ = arg;/nin B Z (21 — ve) Ry (25 — v). (2.21)

k=n—1

Next, from its definition, we note that Ry, is not a function of ¢’. Additionally, since K},
quickly achieves the steady state value of K, then by the iterative equations above in (2.5),

R, also reaches a steady state matrix we label as R. Thus, R~! is a precomputed constant,

n

~

1 _
¢~ argqinm B Z (zr —ve)T R (2 — ) - (2.22)

k=n—71
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Thus, ¢’ only enters into the objective function through the v;’s, both directly and implicitly

through @1,

vy =HAZ_1+ 0+ B(b/ (223)

In order to express each Zj_1 in terms of ¢, we first rearrange the recursive equation

for &, in (2.5),

Zp,=S%,_ 1+ K (Zk — 9) — KB(ﬁl : (2.24)

S £ (I - KH)A.

We then can calculate the first few iterations for &y in terms of ¢’,

&), 2 Sk ey + K (2n-r —0)
Znri1 = SEn_r + K (2n_rs1 — 0) — KB
2" | —SKB¢ — KB¢'
igzolT—i-l = Siflozr + K (zn—ry1—0)
Ep—ri2 = S&n—r11+ K (2n—r42 —0) — KB
— 2" | —(®+S+)KB¢ :

. (0 . (0
LTnr+2 2 Smfm—)f—&-l + K (zn_T-f—Q - 9)
which leads us to the general relation,

k
gp=a — | Y "D | KB¢Y n—7<k<n (2.25)

j=n—1

where we note that ﬁc,(go) is the Kalman filter estimate at time step k when ¢ = 0, that is

the default assumption that none of the offsets have changed.
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Substituting this finding into the definition for vy, we have,

k—1
v = HA® —HA| Y 700 KBY +6+ By (2.26)
j=n—7—1

In order to further simplify, we again aggregate terms,

Y = Zk — HAm,(gl -0 (2.27)
k—1 A
Fp2-HA[ Y §07 | KB+B, (2.28)
j=n—r
in order to arrive at,
. 1 <
¢ ~ argmin — Z (yk — Fkgb/)TR*l (yk — Fk¢’) ) (2.29)
¢/ 2k:n—7

To minimize the objective function, G(¢) £ £33 (yx — Fpvp)" R7Y (yr, — Fwg), we

compute the gradient and find the critical point,

VG(¢) = > FIR'Fd — KRy, =0 (2.30)
k=n—r1
n -1 n
¢~ ( > F,;—”Rle> ( > F,;‘FRlyk>. (2.31)
k=n—r1 k=n—r1

We know the critical point is a minimum because the second derivatives form the Hessian
matrix, >y, F,;f R71F), where each term is nonnegative definite, since R is positive

definite.

APPENDIX C

To better understand error bounds, we note that (2.18) implies errors in estimating 6y are

bounded, if the y;’s are bounded. Let Af denote the error bound on the 6;’s. We can then

compare the state estimate under a perfect estimate for the offsets, :i'zerf t to one where

the offset error is at its maximum bound, &,
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ﬁjierfect _ SZACZ?{ed + Kz, — K0, VYk>0

:i:zrror _ Sﬁ)?jlor + Kz, — KO0, — KAO Vk >0

ek é ige’r‘f@ct o ﬁ:zrror
e = Sep_1+KAO Vi >0 (2.32)
Since :i:gerf b — EETT = 119, we have,

e1 = +KAf

ea = +SKAO+ KAf

k—1
o= (> SK| A0 (2.33)
j=0

As k — o0, e — Z;io SIKA. Assuming the original nonadaptive filter is uniformly
asymptotically stable, then [|S7|| exponentially decays as a function of j [131]. By the ratio

test for the series then, ey is bounded as k — oo.
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CHAPTER 3

Estimating Decoding Error

3.1 INTRODUCTION

Throughout the past two decades, various aspects of movement have been decoded from
neural signals recorded by iBClIs, including position [19,21,24] and velocity [21, 26, 76] of
the hand during reaching, force applied by the wrist [98], finger motion [100], as well as
walking gait [102]. However, the technology can decode not only kinematic or kinectic
variables during movement, but also cognitive states surrounding the action. Firing rates
of spikes were found to be predictive of attentional state, specifically whether or not a
monkey attended to a reaching task with a manipulandum [84]. In EEG, the error potential
can be found during operation of a binary choice communication task [108]. In another
experiment, a person’s reaction to image discrimination errors was detected, resulting in
>20% improvement from online error correction [137]. Closer to the source of the neural
activity, ECOG signals revealed the occurrence of two types of movement related errors,
with the ability to discriminate between them (>80% accuracy) [138].

Similarly, we consider the case of a person with tetraplegia using an iBCI to control
a computer cursor, and investigate whether errors in cursor control can be detected from
the neural signals. The cursor movements seek to reach objects on a screen and the error
of interest is when the cursor undesirably moves away from the current target. Since

cursor motions can range from going straight towards the target to directly away from
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it, the work looks at the degree of error, a continuous variable. In six sessions with a
participant, informative features from both spiking activity and local field potentials (LFPs)
were extracted from the neural signals and employed to estimate the degree of decoding
error. We hypothesized that the iBCI user’s perception of the error generated a neural
activity response. Unfortunately, the accuracy of the estimates, as measured by Pearson’s
correlation coefficient, were sufficiently weak that error estimates, based upon cursor motion
alone, produced slightly better correlations. Thus, we could not determine whether the
correlation was derived from the person’s perception of the error or the intended movements

he used to counter the error.

3.2 NEURAL RECORDINGS AND SESSION DATA

3.2.1 Recordings

Details of the neural recordings and session task have been reported elsewhere [26, 58].
Briefly, a microelectrode array was surgically implanted in the hand region [135], as iden-
tified by pre-operative MRI, into an individual with tetraplegia and anarthia as a result
of a brain stem stroke. Hereafter referred to as T2, he underwent surgery at age 65. The
sessions are part of the BrainGate clinical research trial®

The implant consisted of 96 1.5 mm length platinun tipped, silicone electrodes (Black-
rock Microsystems, Salt Lake City). The electrodes were arranged in a 10x10 grid and
spaced 400 pum apart (the four corners being inactive electrodes). Insulated platinum/gold
lead wires connected the array to a percutaneous pedestal. Being fixed to the skull, the
pedestal functioned as a connector from which the signals were sent through a cable to

signal processing hardware and software.

3.2.2 Session Task

Three clinical research sessions were studied with T2, with two blocks of contiguous trials
examined per session, for a total of six blocks used in the evaluation. The experiments were

conducted on different days ranging from 67 to 82 days after implantation. During each

LCAUTION: Investigational Device. Limited by Federal Law to Investigational Use.
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trial within a block, the participant attempted to control a computer cursor, via the iBCI,
to reach one of several circular goals on the screen. One goal resided at the screen’s center,
while four others appeared at peripheral locations (up, down, left, right relative to the
target) (Figure 1). At the beginning of a block of trials, the cursor appeared on the center
target and a pseudo-randomly selected peripheral target was highlighted in red indicating
it as the active target. For the subsequent trial, the center goal became the one to reach
with the cursor. This center-out-and-back paradigm continued, where the game insured
all peripheral goals were selected in approximately equal number. Trial durations ranged
from 1.9 to 15 seconds (9.1 seconds on average). If after a set time limit of 15 seconds, the
participant could not reach the goal and dwell within it for fixed amount of time (0.6 to 0.3
seconds), the trial ended and new one began. Within a session, the trials examined were
contiguous, with no more than a 0.6 second delay in between them. The setup resulted in

anywhere from 189.8 to 298.3 seconds of recording and 17 to 31 trials per block.

Figure 3.1: Cursor control task. The participant controls the circular cursor (white disk)
through the iBCI and attempts to move it to one of five circular targets (the diagonal blue
discs are displayed, but not activated as targets). In the picture, the active target is in red
and the inactive ones are in blue. Colors have been modified for print clarity.

3.2.3 Closed-Loop Estimation Routine

In order to drive the cursor with his neural activity, T2 worked through a Kalman filter [76,
127,129]. Extracellular action potentials were detected using a voltage threshold and either
sorted using time-amplitude windows or directly passed to a process, where the number of
spikes in 100 millisecond non-overlapping intervals was produced. The spike counts thus
served as the informative features from the neural signals and were harnessed to estimate

the instantaneous cursor velocity. At each session’s beginning, the filter was calibrated
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by instructing T2 to observe a moving cursor on the screen and attempt movements as
if operating a computer mouse that would produce the observed movements. With the
instructed cursor motion known and the spiking activity recorded, linear regression provided

estimates of the various model parameters inherent in the Kalman filter.

3.2.4 Neurally Controlled Cursor Motions, Game Data, & Error Metric

The neurally controlled cursor trajectories were recorded at the same 100 millisecond rate
as the Kalman filter. Additionally, the start and stop times of each trial were logged along
with target positions. For the entire data set under analysis, a total of 12,309 time points
were recorded. Notably not included in the data was the time and degree of decoding errors
made during the trial blocks. The missing information arises, because while the cursor
movements commanded by the decoder are provided, the history of desired movements by
T2 during the game is unknown.

In lieu of this knowledge, we posit an error metric which assumes the person always
wishes to get closer to the goal and any cursor controlled by the decoder that moves away
from the goal has a significant degree of error. In fact, we hypothesize that the faster the
cursor moves away from the goal, the more the person’s neural signals modulate due to
the error. These perceptions are assumed to result from an integrate and delay process.
Specifically, we assume the participant compares the cursor’s present distance from the goal
to the same distance a half-a-second before. Furthermore, we assume the perceptual process
itself takes half-a-second. The half-a-second assumption was based upon observed reaction
times in psychophysic experiments [139]. Thus, the definition for our error metric at time

step k, nk, is

ne = (T‘k_.,- — 7"7«_27—)/’7', (3.1)

where 7 is 500 msec and 7, is the cursor’s distance from the goal at time step k (see Figure

3.2 for two examples).
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Figure 3.2: Example cursor trajectories and traces of their respective error metric. The
trajectories are shown in a) and b) where, in each case, the cursor started the trial in the
location denoted by the blue disk and the person attempted to control the cursor to reach
and then dwell on the center target (red circle in its center). The cursor trajectory’s color
cycles through black, red, orange, yellow, and white in order to make it easier to follow its
course. The error metric, 7, for the case in a) and b) are shown in ¢) and d) respectively.
*Distances are in screen units (su) where the screen is 1.2 su wide by 1.2 su tall.
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3.3 ERROR ESTIMATION METHODS

3.3.1 Feature Extraction

The signal processing included 0.3 Hz to 7.5 kHz analog bandpass filtering, 30 kHz analog-
to-digital conversion, and 250 Hz digital highpass filtering. Within the 96 filtered, digitized
signals, either time-amplitude windows or threshold crossings were setup up to detect pu-
tative extracellular actions potentials. Whether the identified spikes were sourced from a
single cell or the synchronous activity of many was not clear, and thus we refer to the
detected events as unit spikes. We further processed them by counting their number in 300
msec time bins. A spike count vector was created for each time step during the game, with
the 300 msec window centered about each time step (£ 150 msec). Thus, for each time
bin, feature extraction yielded a vector of unit spike counts. The number of components in
this informative feature vector ranged from 23 to 90, depending upon the session, as some
electrodes had more than one unit and others lacked spikes altogether.

Additionally, we extracted normalized signal power within several frequency bands of
the local field potentials (LFP) recorded on the 96 channels. The mean signal, using all
96 channels, was subtracted from each 30 kHz sampled, broadband signal and each was
digitally low-band pass filtered (250 Hz cutoff) and decimated to 500 samples per second.
Next, a short-time fast Fourier transform (SFFT) computed the spectral amplitude in 300
millisecond time windows (40% overlap). Since spectral amplitude scales inversely with
frequency, we normalized the amplitude by z-scoring their values over time. Within each
window, we averaged the amplitude in four frequency bands: 1-7, 10-40, 45-65, and 70-200
Hz. Because of the 300 msec time window, capturing the power in the lower frequencies
can be problematic. In response, we also attempted to measure low frequency amplitude by
applying a second order Savitzky-Golay (SG) filter with a smoothing window of 250 msec.
As a result, the LFPs produced five features per electrode, four SFFT derived magnitudes
and one SG smoothed value, for a total of 480 LFP derived features. Finally, the LFP
features were linearly interpolated, in order to determine the feature values during each 100

msec time step of the game.
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3.3.2 Regression Approach

Estimation of the error metric was based upon linear regression. Let zi be the m x 1
feature vector at time step k, then the estimate 7y is computed as a weighted sum of the

components in z; plus a constant,

= B" 2z + Po, (3.2)

where [ is a m x 1 vector and §y and a constant.

3.3.3 Calibration of the Regression Approach

In order to apply linear regression, we needed to estimate the 8’s. A standard approach
involves calculating the pseudo-inverse with the goal of minimizing the least squared error.
However, when using the LFP features, the number of coefficients was relatively large
compared to the amount of data used to fit them (481 features vs. 1,519 to 2,387 calibration
data points during any given evaluation). Thus, to help prevent overfitting, we employed
the lasso method [134,140], which can be found in the MATLAB® toolbox. Instead of
minimizing just the least squared error, lasso also includes a penalty term into the objective

function,

1

o O (m = (8724 5))" + A I8l (3.3)
i=1

k=1
where n is the number of data points and A is a tuning parameter. Lasso has a tendency
to drive some coefficients in 8 to zero. The enforced sparsity can be viewed as a form of
feature selection.

Lambda is selected in the following manner. First, the minimum A which sets g = 0 is
found; it is the maximum value for lambda considered. Next, 100 possible values for \ are
created, descending geometrically, such that the smallest value is 1 x 10~ times less than
the largest. The best candidate is the one that minimizes mean squared error under 5-fold

cross-validation within the calibration data (the test data is still held out).
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3.4 RESULTS

3.4.1 Informativeness of Spike and LFP Based Features

a)

60 w x :

K

b)

%

CcC

Figure 3.3: Histograms indicating the distribution of statistical association between the
error metric and individual a) spike and b) LFP based features. Pearson’s correlation
coefficient (CC) is the chosen measure of statistical association. Counts are divided by the
total number of features considered across all sessions (539 for spikes and 2880 for LFP) to
obtain percentages.

Figure 3.3 presents a summary, across the 6 sessions, of how the different spike and LFP
features covaried with the error metric, as measured by Pearson’s correlation coeflicient
(CC). The median absolute value for spike derived features was CC=0.038 with upper and
lower quartiles of 0.016 and 0.069 respectively. The absolute values of CC’s of LFP derived
features were in a similar range (median, lower quartile, and upper quartile were 0.017,
0.032, and 0.053 respectively). Out of the 539 spike based features extracted, 8 features
(1.5%) were found to have CC’s greater than 0.2 or less than -0.2. For LFPs, despite the
larger number of features extracted (2880), only 1 feature fell into this category (0.03%).
Figure 3.4 gives the firing rates of a representative subset of the units as compared to the

error metric during the trial displayed in Figure 3.2a. An example of a typical LFP SFFT

based spectrogram and the SG smoothed signal is provided in Figure 3.5 during the same
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trial. The results suggest that, individually, the extracted features tend to have a low level

of predictive power.

1 [su/sec]

8 10 12 14 16 18 20
Elapsed block time [sec]

Figure 3.4: Example of spike rate activity and its covariance with the error metric. a)
presents the z-scored spike rates of 41 representative units over the trial described in Figure
3.2a. Over the same time, b) gives the trace of the error metric.

3.4.2 Accuracy of the Estimator

Figure 3.6 compares actual traces of the error metric to those estimated from lasso calibrated
linear regression, using either spike based or LFP based features. The traces correspond to
the two trials described in Figure 3.2. For the traces in Figure 3.6a), the CC’s between the
actual and estimated spike and LFP based traces were 0.35 and 0.33 respectively. Figure
3.6b) resulted in lower values (spike based CC = 0.11; LFP based CC = 0.25). In both
plots, the LFP based estimates appear to fluctuate more rapidly than their spike based
counterparts. We posit this is due to the larger number of features typically incorporated
into the LFP based estimator compared to the spike based one (309 vs. 78 in Figure 3.6).
For both types of features, however, the estimator’s ability to track the error metric is
relatively low (e.g. coefficient of determination, 72, < 0.2).

The low accuracy seen in Figure 3.6 was the tendency across all sessions. For each of
the six blocks, we partitioned the trials into five folds and proceeded, within each block,

to hold out one fold as test data while calibrating from the other four. The procedure
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Figure 3.5: Example of LFP features and their covariance with the error metric. a) presents
the spectrogram from a representative electrode (z-scored within frequency bands) over the
trial described in Figure 3.2a. b) gives the same electrode’s Savitzky-Golay (SG) smoothed
signal. Over the same time, c¢) gives the trace of the error metric.
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Figure 3.6: Example of error detection accuracy. The trials and the error metric fluctuations
during them correspond to those presented in 3.2. a) traces the same error metric as in
Figure 3.2a, but now the corresponding estimates of it are also provided. b) gives the true
and estimated traces for the trial in Figure 3.2b.
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Figure 3.7: Error estimating performance over all 30 Tests. a) Pearson’s correlation co-
efficent (CC) for tests when spike (left) and LFP (right) features were used to estimate
the degree of decoding error. Grey dots indicate the individual test values, while box and
whisker plots give the range and 25, 50, and 75% quartiles. b) same plot only with the
coefficients of determination, R?, plotted.
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yielded a total of 30 tests (6 x 5), whose results can be seen in Figure 3.7. For spike based
features, the median CC was 0.20 (lower quartile = 0.03; upper = 0.33) and median > was
0.17 (lower quartile = -0.06; upper = 0.37). Similarly, estimation using LFP feature types
had a median CC of 0.11 (lower quartile = -0.01; upper = 0.21) and a median 2 of -0.05
(lower quartile = -0.21; upper = 0.10). These values were low compared to that achieved by
using cursor position, velocity, acceleration vectors and their magnitudes as the informative

features. Using cursor motion instead of neural activity gave a median CC of 0.39 and a

median 72 of 0.27.

3.5 DISCUSSION & CONCLUSION

With median CC values around 0.20 and 72 values less than 0.20, the presented methods
of extracting informative features and decoding lack a strong predictive power. The obser-
vation is distinctly different from claiming that the neural signals recorded intracortically
from the motor cortex are not predictive of the error metric. Although counting spikes in
300 millisecond time bins, averaging amplitude in frequency bands from an SFFT based
spectral decomposition, and SG smoothing are techniques typically employed in the re-
search community [71,138], they are not the only ones. More information may be gleaned
from estimating directly from the point process where the recent history on a millisecond by
millisecond scale is considered [91]. We chose to average amplitude within frequency bands
that have proven useful in past reports [38,138], but perhaps each frequency bin isolated
by the SFFT should be incorporated, as well as spectral phase along with amplitude.

Use of a linear regression based estimator, with some form of feature selection (lasso
in our case), also has a precedent in the literature. Arguable more advanced estimation
routines would include the Kalman filter [76] and experimenting with two nonparametric
algorithms from machine learning: support vector regression and random forests [141]. Both
of the latter algorithms do not assume a linear mapping between the cognitive variables of
interest and informative features from the neural signal, rather they each impose a relatively
flexible structure (assuming the support vector machine utilizes a nonlinear kernel such as

the radial basis function).
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An uncertainty that makes estimating the degree of error difficult is the chosen metric
itself. We defined the degree of error based upon the speed at which the cursor moves away or
toward the target with a time delay. Unfortunately, there is uncertainty about when and to
what degree the participant recognizes an error in the cursor’s motion. For example, as the
cursor starts to drift away from the target at a constant speed, is the error response phasic,
where it jumps to a high value at the beginning of the drift, but gradually declines? Does
the neurological response to decoding errors modulate only with direction? Going forward,
one option would be intentionally to insert brief instances of incorrect cursor motion during
a block of trials that were otherwise exhibiting correct cursor motion. The strategy has been
used before when recording with electrocortographic arrays [138]. Another direction would
be to analyze the data in an unsupervised fashion. Doing so via expectation maximization
resulted in competitive performance when EEG drove a P300-based speller [142].

In terms of the evaluation method, confounding factors related to biases in the cursor
trajectory might have arisen. For example, during a block of trials, when a decoding error
occurred, the decoder might have almost always driven the cursor to the lower left corner
of the screen. During those periods of aberrant cursor control, the person might have
attempted to move the cursor up and to the right. As a result, any spiking units that
tend to increase their firing rates in that intended direction, would appear to be tuned to
the presence of decoding error. In order to rule out such confounds, future work should
carefully select a subset of trials from the total set, where such statistical dependencies
between cursor trajectory and decoding errors do not exist overall in the calibration and
test data.

Because of the relatively weak ability to predict the level of decoding error, possibility
of a confound, and challenge in labeling when a person perceives an error, the investigation
has yet to provide any definitive findings. As discussed in the previous paragraphs though,
there exists several potential paths, some of which might lead to demonstrating the presence
of decoding error perception in the motor cortex. If such a signal can be pulled out via
the electrode recordings, and if that signal is sufficiently clear, then beyond a scientific
finding, the technique could alert the decoder controlling the cursor of its failings and help

to mitigate its errors.
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CHAPTER 4

Mixing Decoder Outputs

4.1 INTRODUCTION

This chapter is derived from a paper we have already published [109]. Here, we explore
use of the Kalman filter to control a cursor to reach several targets on a computer screen.
As mentioned previously, the cursor is typically driven by decoding for cursor velocity
[21,26,76]. However, other motor variables have been decoded in the context of goal directed
reaching using iBCIs. One of the first successful closed-loop demonstrations decoded cursor
position [19]. Since then, joint torques [98], angles [69] as well as grip action [25] have also
been estimated.

Previously, position and velocity information have been shown to be encoded in neural
activity at the same time during reach movements [143] and a Kalman filter has simultane-
ously decoded for both [129]. During decoding of an entire reach movement, factoring in the
displayed location of the cursor reduced the time to reach targets with a neurally controlled
cursor [115]. Here, similar to [129], a Kalman filter decodes simultaneously for cursor veloc-
ity and position. However, instead of controlling the cursor by integrating velocity [76] or
linking it directly to the decoded position [129], we mix the velocity and position estimates
from the Kalman filter to generate cursor movements. In people with tetraplegia making
attempted reaching movements, the strategy results in improved offline reconstructions of

movement intention. The boost in accuracy promises to improve iBCIs for the benefit of
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those who have lost motor control due to injury or disease.

4.2 NEURAL RECORDINGS AND SESSION TASK

4.2.1 Recordings

The details of the recordings have been described elsewhere [26,58]. Briefly, two people
with tetraplegia, referred to as S3 and T2 participated in the BrainGate2 clinical research

sessions!

. 33 enrolled in the study when she was 54 years old; T2 enrolled when he was
65 years old. A 96 microelectrode array (Blackrock Microsystems, Salt Lake City) was
implanted in the hand-arm region [135] of the motor cortex. Each electrode measured 1.5

mm in length and they were evenly distributed in a 10x10 grid on a 4x4 mm platform with

400 pm spacing.

4.2.2 Signal Pre-Processing

A percutaneous connection sent the voltage signals onto various stages of pre-processing
including amplification, 0.3 Hz to 7.5 kHz analog bandpass filtering, 30 kHz analog-to-
digital conversion, and 250 Hz digital highpass filtering. For each digitized channel, either
time-amplitude windows or threshold crossings were setup up to detect extracellular actions
potentials, originating from a single cell or a group, i.e. unit spikes. This spiking activity
was then time binned (100 msec or 20 msec) to supply a vector of spike counts to the Kalman
filter at each time step. Detected spiking units with a mean and standard deviation > 1
Hz were selected for the analysis which resulted between 23 to 90 spiking units depending

upon the session.

4.2.3 Session Task

We evaluated the decoders using three sessions with S3 and three with T2. Sessions with S3
(T2) were recorded from 986 and 1003 (67 and 82) days after implantation. We examined
open loop blocks of trials. In the trials, a computer program moved a cursor through a

series of preset motions on a computer screen. There were five circular targets, one at the

!CAUTION: Investigational Device. Limited by Federal Law to Investigational Use.
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screen’s center and the rest in locations up, down, left, and right relative to the center
target. During a trial, the cursor moved from one target to the next in a center-out-and-
back fashion, meaning after the cursor completed a trial taking it to one of the peripheral
targets, it would move back to the center in the subsequent trial (Figure 4.1a). During each
block of trials, all peripheral targets were visited in a pseudo-random order. The cursor
headed in a direct, straight line toward each target and its speed followed one of several
possible profiles. All were truncated Gaussian curves (Figure 4.1b), but they ranged from
2.5 to 5 seconds.

During the trial blocks, the person was instructed to attempt hand and arm movements
as if they were controlling a computer mouse to generate the same cursor motions as they saw
on the screen. Although their paralysis prevented any functional arm and hand movements,
their intended reaching movements were assumed to be a close match to that displayed on
the screen. Supporting this assumption, during a session, the data generated from the
blocks were all used to calibrate Kalman filter decoders that were run online in subsequent

trials providing better than average neural cursor control.
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Figure 4.1: Illustration of task and decoded variables. a) During a trial, i.e. reach, the
trajectory of the cursor (red line) moved from a starting position (grey) and ended at a
target (green). The motion was controlled by a computer and the person was instructed to
attempt movements as if controlling a computer mouse to match the displayed motion. b)
The cursor’s velocity profile (horizontal component displayed) followed a truncated Gaus-
sian curve. As a result, the target’s position relative to the target (horizontal component
displayed) changed in a smooth monotonic manner during the reach. *Distances are in
screen units (su) where the screen is 1.2 su wide by 1.2 su tall.
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4.3 DECODING & CURSOR CONTROL METHODS

4.3.1 Kalman Filter

A typical approach in iBClIs is to decode using the time invariant version of the Kalman
filter to estimate kinematic variables at every time step, k. In the context of our analysis,
the kinematic vector, @, describes the intended motion the participant attempts to impart
on a computer cursor. The filter estimates xj from observations of the spike counts at
every time step, z;. The change in x; over time and the relationship between xj and zj

are modeled as

xp = Az +wp: wip ~N(0,W) (4.1)

zp=Hxp+0+q,: q,~N(0,Q), (4.2)

where xg = all zeros and N (i, X) denotes a multivariate Gaussian distribution with mean
vector p and covariance matrix ¥. Equation (4.1) is often called the state dynamic model
and (4.2) called the tuning model. Model parameters reside in A, W, H, 6, and @ and are
estimated via linear regression methods. The calibration procedure uses data from iBCI
sessions where the time history of both xj and zj are assumed known [129].

Given (4.1) and (4.2), the maximum a posteriori probability estimate for velocity at the
present time step, n, can be found using the recursive equations that define a time invariant

Kalman filter [36,127],

— 4T
Plj—l =AP_ AT+ W
K, =Pt HY (HP (HT + Q)"
Py = (I - K.H) P},

x, = Az + K (Zk — 60— HA@k,l) , (4.3)
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for k€ 1,2,...,n with chosen initializations &y = ¢ and F; = the zero matrix.

4.3.2 Velocity Based Cursor Control

A standard approach is to solely decode for the two dimensional velocity vector of the
cursor, xx = vy [21,26,76]. The cursor’s commanded location, &, is then controlled by

integrating the estimated velocity, vy,

Cp, = Cp_1 + 0vy, (4.4)
where ¢ is the interval between time steps (100 or 20 msec for our data) and vy = .

4.3.3 Position Based Cursor Control

. . . . . T
Alternatively, we can use the four-dimensional kinematic vector xj £ ['v;‘g, rﬂ , where vy,

is velocity as before and 7y, is the two-dimensional position vector of the cursor. It is not
obvious how to best use & to drive ¢;. One possibility is to simply use the cursor position

component of Zj as in [129], namely,

Cr = Tk, (4.5)

which we call position based control. Note, as in Section 4.3.2, one can also only integrate
velocity, ¢, = ¢_1 + 00y, which turns out to work slightly better than the more standard
velocity based control in 4.3.2 (the difference being the inclusion of position in the kinematic

variables).

4.3.4 Mixed Velocity & Position Based Cursor Control

Our innovation here is to mix v and 7, both simultaneously estimated from a Kalman

filter, to obtain an improved method of commanding ¢, via
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|0 |

Cp = Cr_1 + advy + (1 — 01)5 —
A7

Ady, (4.6)

where a € [0,1] is the mixing coefficient, ||-|| denotes magnitude, and A7y = 7, — ¢x—1.
The change in ¢ is now a mixture of two vectors, one is dv; and the other points in the

direction of 7.

4.4 RESULTS

Figure 4.2 provides example trajectories driven by the three different cursor control strate-
gies using hold-out data. In the trial, position based control appears less accurate than
velocity based control. With a = 0.7, mixed velocity and position control closely tracks
velocity control, but appears more accurate. The better tracking results from the mixing,
where position estimates have some predictive value but are not completely correlated with
those developed by integrating estimated velocity.

We performed five fold cross-validation on each of the six sessions, resulting in 30 tests.
To quantify the performance during a trial, we calculated the rms error (RMSE) in euclidean
distance between estimated and actual cursor trajectories [129]. Average RMSE over trials
was then calculated for each of the 30 tests and cursor control strategies (Figure 4.3).
Mixed velocity and position control improved RMSE by 12.2 +£10.5% and 37.8 +10.7% over
velocity based and position based control respectively (pairwise t-test, p<0.05). Compared
to velocity control, mixed control did better in 28 out of the 30 tests whereas against position
control, mixed control was superior in all trials.

While o = 0.7 yielded the lowest RMSE values on average, mixed velocity and position
control did well under any setting for o (Figure 4.4). The data show an over reliance on
either position or velocity fails to do better than a blending between them. Also, the curve’s
approximate convexity and single minima suggest a clear trend in positive gains achieved

by mixing.
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Figure 4.2: Example trial showing the true cursor trajectory during a return from the pe-
ripheral target to the center and estimated versions by the three control strategies. Markers
such as ”x” show the ends of the trajectories. For all decoders, the initial estimated cursor
position is set to the true starting position. At the beginning of the trajectory, position
control generates a relatively large change in cursor position, whereas velocity and mixed
control do not, due to their incremental nature. For mixed control, = 0.7. *Screen units
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4.5 DISCUSSION

The results show that mixing velocity and position improves cursor control over present
methods in an offline analysis. Specifically, average RMSE of the trial cursor trajectories
was better than those from prior approaches [76,129]. Between the velocity based and
position based control, the former was better, consistent with prior findings [76]. While
a = 0.7 gave the best results, the findings are not overly sensitive to this tuning parameter.

One untested sensitivity is dependence of the results on the type of task. During the
sessions, the person was instructed to attempt to move the cursor to match that displayed
on the screen, where the cursor moved in a smooth fashion over a period of seconds. Thus,
we view the task as a variant of pursuit tracking. Differences in the best Kalman filtering
approach have been noted between pursuit and step tracking [129]. The most appropriate
cursor control strategy may be dependent on the task as well.

A major limitation of the results concerns the offline nature of the decoding. Perfor-
mance gaps between novel decoders and more standard approaches can narrow when people
use the algorithms online within an iBCI to neurally control a cursor [89]. In the online,
closed-loop setting, the person has constant feedback about the decoder’s ability to es-
timate their intended movements and thus can attempt to compensate for any decoding
errors. However, complete information about the intended movements are also not known,
e.g. desired cursor speed. Thus, offline studies often have better information on the actual
intended movements of the person, leading to a more direct analysis of decoder inaccuracies.

Nevertheless, a next step is to run the mixed velocity and position based cursor con-
trol online in closed-loop trials. Doing so will ascertain whether the decoder can improve
task performance. A complementary effort will be to better capture the interplay between
intended velocity and position in driving neural activity. Possible future advancements in-
clude introducing nonlinearities into the tuning model [144] in order to improve accuracy

even further.
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CHAPTER 5

Decoding with Nonparametric,

Hierarchical Methods

5.1 INTRODUCTION

An iBCI’s decoding process occurs in two major steps. First, signal processing techniques
extract informative features from the neural signals. Second, software routines estimate
motor state variables from those features. The Kalman filter is a common estimator where
the features are modeled as being generated from a multivariate Gaussian distribution whose
mean is an affine transform of the movement variables [76,129]. Thus, each feature has a
linear connection to the hidden states and the dependency between features are captured in
the Gaussian’s covariance matrix. In people with tetraplegia, Kalman filtering has enabled
control of a computer cursor [24] and, subsequently, control of a robotic arm [26].

In one study, however, 35% of the spiking activity was found to be nonlinearly related to
arm kinematics [78]. Capitalizing on these findings, an unscented Kalman filter worked with
a quadratic encoding model to improve decoding performance in monkeys [81]. Another
tactic taken was to use a switching Kalman filter [87]. When the features have been putative
extracellular action potentials, i.e., spikes, their distributions are better characterized as
Poisson than Gaussian, which leads to point-process based encoding models [86,90]. Point

process filters have demonstrated their value in animals [88,92-94] and in people with
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tetraplegia [91].

Going even further, a nonparametric model predicted spike times as a function of arm
kinematics and the prior spike time history over the entire neural population [145]. The
proposed method applied stochastic gradient boosting with regression trees as the base
learner. The approach was freed of structural modeling assumptions about how motion
and past spikes drive spiking probabilities in the present, one-millisecond-scale time bin.
Improvements were seen in the average likelihood compared to Bayesian P-splines and the
more common generalized linear models. The gains over the latter are particularly relevant
as they represent the standard approach for modeling spike dynamics.

Here, we also employ an ensemble of regression trees, using a technique called random
forests, to introduce a nonparametric method, only our estimator predicts arm kinematics
from the present and recent history of spiking activity. In a two stage procedure, we combine
this nonparametric model with a Kalman filter to account for the dynamics of the kinematic
variables. The innovative estimator has direct applicability to iBCI’'s. We demonstrate the
value by evaluating the method’s performance offline in two monkeys and two people with
tetraplegia. The testing shows use of a nonparametric estimator is an improvement over the
standard Kalman filter. Furthermore, the calibration procedure completes in a few minutes,
and the online routine can run in real-time, i.e., 100 milliseconds per cycle. The increase
in control quality is consistent as very few test cases reporting a contrary result. These
characteristics of the hierarchical, nonparametric method point to its promise to advance

the state-of-the-art in iBCI decoding.

5.2 EXPERIMENTAL SESSIONS

5.2.1 Data Recordings in People with Tetraplegia

We briefly cover the recordings and sessions here as the full details have been described
elsewhere [58]. The neural recordings were taken during experimental sessions, as part of
the BrainGate! research clinical trial. Both participants, whose data were analyzed for this

research, have tetraplegia and anarthia due to brainstem stroke. The participants, hereafter

!CAUTION: Investigational Device. Limited by Federal Law to Investigational Use.
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referred to as S3 and T2, were a 54-year-old female and 65-year-old male respectively upon
enrollment. They both underwent surgery, to implant a microelectrode array (Blackrock
Microsystems, Salt Lake City) into their motor cortex.

The microelectrodes were arranged in a 10 by 10 grid where the four corner electrodes
were not active by design, resulting in a total of 96 recording channels. The platinum
tipped, Parylene-C coated silicon electrodes were spaced 40 micrometers apart and rose 1.5
mm from the silicon base. Additionally, two wires extended from the array to provide two
options for a voltage reference. The array was inserted into the hand-knob [135] area of the
motor cortex, where prior fMRI revealed increased activity levels to coincide with hand and
distal arm motions. The implanted device also included a platinum/gold lead wires that
transmitted the signals to a percutaneous connector.

From the connector, the 96 voltage channels immediately passed through shielded ca-
bling to a 10,000 gain amplifier. Subsequently, the signals were analog filtered with a 0.3
Hz to 7.5 kHz bandpass, sampled at 30 kHz per second with 14 bits of accuracy (1 micro-
volt per bit), and then optically isolated. The resulting digitized signal was then saved for

subsequent analysis.

5.2.2 Data Recordings in Monkeys (Macaca Mulatta)

The monkey recordings were part of a past thesis project, and we refer the reader to it
for the full details [146]. A male and female monkey (hereafter referred to as AB and LA)
were each implanted with two electrode arrays . The arrays were the same 10 by 10 grid,
platinum tipped silicone based electrodes mentioned previously (Blackrock Microsystems,
Salt Lake City). The only difference was the array length, which measured 1 mm in length.
One array was inserted into the upper limb area of M1 (medial to lateral: by the genu
of the arcuate sulcus; posterior to anterior: anterior to the central sulcus); the other was
located in the arm region of area 2/5 in the sensory cortex. Data recording was carried out
by the Cerebus multichannel system (Blackrock Microsystems, Salt Lake City). Like the
human recordings, components included a shielded cable, amplifier, optical isolation, and
30 kHz, 14 bit accuracy A/D conversion. The recordings analyzed in this investigation are

only from the M1 array.
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During the behavioral task, the monkeys sat in a chair and had their head constrained
via a fixture. They put their right arms into a custom designed fixture connected to a
mechanical exoskeleton (Kinarm from BKIN Systems, Ontario, CA). The device constrained
the arm movements to a two dimensional plane parallel to the floor, effectively limiting
joint rotations to elbow flexion and shoulder rotation [147]. The joint angles were digitally
sampled at 200 Hz and captured by a general purpose computer running Windows XP,

where custom software computed hand endpoint position.

5.2.3 Session Task in People with Tetraplegia

During sessions, participants were presented with a contiguous series of trials, which we
refer to as a block of trials. During each block, the people were seated facing a 17 inch
computer monitor from a distance of roughly 56 centimeters. On the computer monitor
were five circular disks, one in the screen’s center and the rest arranged in an up, down,
left, right fashion relative to the center disk (the diagonal blue discs are displayed, but not
activated as targets). These disks were the possible goals to be reached by a computer
cursor, which was displayed as a smaller circular dot. Dimensions of the graphics were
measured in screen units, where the cursor control area measured 1.2 screen units (su) wide

(Figure 5.1)

Figure 5.1: Open loop cursor task in people. In this example, a circular cursor (white
disk) moves under computer control to the currently active target (shown in red). People
are instructed to attempt movements that would drive the cursor through the displayed
trajectory on the screen. Colors have been modified for print clarity.

During a block of trials, the cursor moved from one goal to the next in a straight line.
For a specific trial, the destination goal turned to red and the computer moved the cursor

through a preset trajectory to the target goal. The cursor followed two different speed
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profiles, each a truncated Gaussian curve, but differing in their peak speed (0.20 or 0.35
su/second). At the start of the block, the cursor began at the center goal. The cursor then
proceeded in a center-out-and-back paradigm; the cursor would move to a peripheral goal,
and then return back to the center goal. In a set of eight trials, each peripheral target
was visited once in a pseudo-random order and the center target eight times. By doing
S0, the positions and velocities of the cursor over time were balanced, adding vector-wise
approximately to zero.

Meanwhile, the participant was instructed to attempt movements as if he or she were
controlling the displayed cursor using a computer mouse. Sessions used in this investigation
stretch from 986 (39) days after implantation to 1,330 (68) days for S3 (T2). There were six
sessions total, three each from S3 and T2. Within a session the number of blocks analyzed
ranged from three to four, yielding a total recording of 316.8 to 361.4 seconds and 68 to 80

trials per session.

5.2.4 Session Task in Monkeys

The Kinarm, through the calculation of hand point position, drove a light-blue cursor dot
(1 cm in diameter) on a computer screen (40 by 32 cm) facing the animal, 45 cm distance
away. A given trial proceeded in a sequence of events. First, a circular target appeared at
the screen’s center (a purple disc, 1.1 cm in diameter). The monkey was trained to move
the cursor dot to within the vicinity of the target, specifically within 1.5 c¢m of its center,
where upon the target would change to a yellow color. The cursor had to be held near the
target for a 1-2 sec hold period. Subsequently, a new purple target appeared, in one of eight
locations, equally distributed, all 4.3 cm from the screen’s center (see Figure 5.2). The new
target appeared for 300 msec and then extinguished. After a pseudo randomly generated
hold time (1-1.5 sec), the same peripheral target reappeared and the monkey was trained
to move the cursor to it and hold for 1-1.5 sec. As long as the monkey performed all steps
of the task thus far and got the cursor within a 1.5 cm error zone of the peripheral target,
then a juice reward was provided. Following the first portion of the task, the peripheral
target began to move and the monkey was trained to keep the cursor within the target’s

vicinity, while various events occurred, such as brief disappearances of the target or force
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perturbations to the Kinarm.

Figure 5.2: Monkey cursor control task. In this example, the monkey controls a circular
cursor (light blue disk) via a mechanical exoskeleton, the Kinarm, on its arm. The trained
animal attempts to move the cursor to the currently active target (shown in purple). The
dashed circles are the locations of the other eight inactive targets.

For the purposes of this investigation, we focus solely on times when the monkey moved
the cursor dot over either the center target or from the center target to the peripheral one.
All other times during the trial were not included in our investigation. We used four sessions
from monkey AB and three sessions from LA. The number of reaching motions to targets,
hereafter what we will refer to as trials, ranged from 101 to 248 per session, resulting in a
total of 1199 trials. Since each trial took about 1.9 seconds (including a 1-2 second hold),

the total recording time used in our evaluation was approximately 2,200 seconds.

5.3 DECODING METHODS

5.3.1 Feature Extraction

For sessions with people, the digitized signals were high-pass filtered (4th order Butterworth
filter, 250 Hz cutoff). From the filtered waveform, putative spikes were detected either
via simple thresholding (which we refer to as threshold crossings) [26] or time-amplitude
windows [24]. The former involved setting a fixed voltage threshold past which dips below
it would signify the occurrence of a spike, e.g., -4.5 rms [26]. The time-amplitude windows
were manually setup by visually inspecting 1.6 millisecond second samples of the signal.
For a given channel, multiple sets of time-amplitude windows could be set with the intent

of sorting several spiking sources on the same voltage channel, which we hereafter refer to
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as units. The same steps were performed during monkey sessions. However, the principal
difference was that spikes were differentiated by using a combination of density grid contour
clustering and subtractive waveform decomposition on the first two principle components of
the waveform segments [148]. For each unit, software binned the time stamps of its spikes
in either 20 or 100 ms non-overlapping intervals. Thus, the feature extraction routines
produced a vector of spike counts at every time step, k, which is equivalently an index for

the time bins.

5.3.2 Standard Velocity Kalman Filter

The Kalman filter is a common method in iBClIs for estimating the d dimensional intended
motor state, xg, from an informative, m dimensional feature vector extracted from the
neural signals, zx. In our case, @y is the intended 2D velocity of the cursor (d = 2), and zy,
is a vector of spike counts (m = 49.9 on average in people, = 91.9 on average in monkeys).

Two models underlie the Kalman filter,

xp = Az +wp: wip ~N(0,W) (5.1)

where 2o = [0 0]7, 6 is a constant offset vector and A (u, ¥) denotes a multivariate Gaussian
distribution with mean vector p and covariance matrix ¥. The first equation (5.1) is the
state dynamic model and it governs the change in the hidden motor states over time; the
latter equation (5.2) defines the statistical dependency between xj and zj; and we refer to
it as the tuning model. The parameters of the models then reside in A, W, H, 0, and Q.

To fit the model parameters, we randomly select a subset of the trials in a session
as calibration (aka model training) data. Let n denote the number of time steps in the
calibration data, then we define the cursor motion calibration data as X, an n x d matrix
where each row is a particular :c;{ Similarly, we define Z as an n x ¢ matrix of spike count
calibration data.

The matrix A captures the relationship between xj in one time step and the next. Let
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X be equal to X with the first row removed and X ) be equal to X with the last row

removed. Then A is obtained using a multivariate form of linear regression,

T

s (((X())TX()>1 (X<>)Tx<+>> (53)

W is then the error covariance between the actual cursor motion at a given time step

and its prediction based upon the previous time step,

I ((XH) AT X<+>)T ((XH> AT~ X<+>) (5.4)

n—1

For the tuning model, first we determine the mean firing rate for each unit from the
calibration data and collect them into a column vector, 8. Next, we employ multivariate
linear regression to estimate H and set () to the resulting error covariance akin to the

development of A and W,

T
H= ( (XTx)" XTZ) (5.5)
1
Q=-(xH"-2)" (XH" - Z), (5.6)
n
where Z is akin to X with the mean firing rates, 8, subtracted. With the models calibrated,
the Kalman filter can be run on the test data, to produce a motor state estimate, T, at

every time step.

— AT
P, =AP_ A"+ W
Ky =Pt HY (HP} (HT + Q)
P, =(I-KH)P/,

x = Axp_1 + Kp. (Zk — 0y — HA@kfl) , (57)
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where we initialize these recursive set of equations by assuming xg is the zero vector and
Py the all zero matrix. Under the case where the dynamic and tuning models precisely
reflect reality, the filter is optimal, both in Bayesian maximum a posteriori sense as well as
least squares sense over the range of linear filters [36,127]. In the context of iBCls, even a
close match between the true model and those estimated in the calibration process is not
to be expected. For example, a Poisson distribution is typically a better fit for capturing
the modeled noise in the tuning equation. Nonetheless, the models sufficiently capture the
observed phenomena that Kalman filter based decoders are one of the few decoders broadly
adopted in the iBCI community, especially when people or non-human primates actively

use an iBCI to control external devices [26,81,115].

5.3.3 Random Forest Regression

Regression trees are well known in the machine learning community [134, 149, 150]. We
specifically work with binary trees, that split the multidimensional feature space into rect-
angular regions. Each node in the tree contains a splitting rule for one for the variables
in the feature vector. When decoding a given feature vector, the node’s splitting rule in-
dicates which node to visit next (left or right). Leaf nodes are the exception, instead of a
splitting rule, they contain a scaler value, which is the tree’s output. Figure 5.3a provides
an illustrative example of a regression tree and an example of the decoding process; Figure
5.3b represents the tree as rectangular regions in the feature space.

Being nonparametric, regression trees are not so much calibrated as they are constructed.
We utilized a standard routine in MATLAB® to build the trees from the data, using the
object class RegressionTree, where all parameters were left at their default values. Each
node seeks to partition a given region in the feature space and the region’s associated
calibration data points. The strategy starts with a single root node where the region to
split is the entire feature space and all calibration data points are considered. Thereafter,
however, subsequent nodes split regions defined by their parent nodes and the data points
evaluated are only those points lying in the region. To construct a node, a random subset
of the features, a third of the total, are selected. For each feature, the routine searches

through all possible ways to partition the region’s data points. For each candidate split,
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Figure 5.3: Tllustration of a regression tree and the random forest algorithm. a) In the ex-
ample regression tree, each node in the tree contains a splitting rule. Suppose the incoming
feature vector was z; = [2.1 1.3]7, then we would follow the path highlighted in red. The
splitting rules would lead to an estimate of +3.2. b) the example tree’s partitioning of the
feature space, with the region associated with zj = [2.11.3]7 highlighted in red. c) In the
random forest algorithm, such a tree is one of many in the group and collectively they can
be used to estimate a single dimension of the current motor state (xx,; in this case). Let ¢
be the total number of trees and s be their indexing variable, then the sth tree’s estimate
can be denoted by ﬁ:,(:i and random forest’s estimate, @y, 1, is the average of the individual
trees’ estimates. 7
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the estimate on each side of the split is simply the average of the data points therein. For
the region being split, then, the mean squared error is calculated under these two simple
estimates. The feature and split with the lowest mean square error is chosen for the node
and two new child nodes are created, one for each side of the split. This process continues,
ever expanding the tree, until either a created node has less than 10 data points or variance
among the node’s data points is less than the variance over all data points by a factor of 1
times 1076, If this stopping rule is met, the node becomes a leaf node and its associated
outcome estimate is simply the average of the data points in its region.

Of course, it is not one tree, but a whole forest of them that must be built. Best practice
recommends more than 1,000 of them, but in order to keep the calibration procedure less
computationally burdensome, we built 100 trees per forest. The overarching strategy to
grow the forest is a technique called bagging. In bagging, we sample with replacement
from the calibration data. Suppose the calibration data has 10,000 sample points, i.e.
observations, then we draw 10,000 samples from the 10,000 observations. Since we sample
with replacement, some observations will be sampled more than once, while others not
at all. Since each tree in the forest is built from different data, they usually differ in
their construction, meaning many of the chosen features and splits are different. Even the
structure of the tree (depth or number of nodes under a particular parent node) can widely
vary (Figure 5.3c)).

The heterogenity in the trees winds up working to our advantage. Under the bagging
technique, when estimating, each tree converts the received feature vector into a single
scalar, the value associated with a particular leaf node. Those values are then averaged
across the entire forest to yield a single output. Since each tree has likely partitioned the
feature space into a different set of rectangular regions, the set of discrete values output by

the forest can be quite large.

5.3.4 Two Stage, Random Forest & Kalman Filter Estimator

The use of the random forest technique has been focused on estimating each component
of ¢y from zp. However, we have yet to capture the dynamics of xj itself. For example,

arm endpoint motion, due to limitations in muscle response times and inertia, enforces
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smoothness in the velocity profile over time. Unlike, however, the connection between
features and motor states, we presume the relationship between current and prior motor
states is a fairly random one. For example, the fine motor motions of handwriting differs
drastically from throwing a baseball. We seek to build a decoder that is general purpose
for controlling all sorts of arm endpoint motions, not one specialized to a particular task.

In that spirit, we model the dynamics of x as a random walk. More formally, we assume
it takes the Gaussian-linear form of (5.1). Our expected course of the random walk must be
reconciled with random forest estimates. The Kalman filter is an established way to do just
that, only this time, instead of using the spike counts as features, we use the output of two
random forests as the features. The strategy results in a two stage decoding architecture
(Figure 5.4). Thus, unlike the standard Kalman filter decoder described in Section 5.3.2,
the Kalman filter here intakes a feature vector with only two components (the first stage
horizontal and vertical velocity estimates from the two random forests). Each of the random
forests are constructed and run as described in the prior subsection. With the exception of
the received features, the Kalman too is calibrated and runs as mentioned in the respective
previous section (5.3.2).

Spike count history (e.g. last 5 time bins X 50 units = 250 features)

Y v
( Random Forest #1 ) ( Random Forest #2)
| |

1st stage estimate + 1st stage estimate

of horizontal velocity of vertical velocity
Kalman Filter

v

2nd stage estimate
of full velocity vector

Figure 5.4: Diagram of Two Stage Random Forest & Kalman Filter Estimator

5.4 RESULTS

Figure 5.5 is a representative snapshot of a standard Kalman filter’s, random forest’s, and

two stage decoder’s ability to track the true velocity. The decoders are able to track the
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overt arm movements of the monkey. In the case of a person’s instructed movement, less

accuracy is achieved. From the plots, it is not readily apparent which decoder tracks best.
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Figure 5.5: Estimates of cursor velocity components from the three decoding approaches
(Kalman filter, random forest, the two stage decoder) as compared to the actual values

Five-fold cross-validated-style testing over 6 sessions in people created a total of 30 test
cases. Similarly, the 7 sessions in monkeys provided 35 tests. One metric used to predict
the accuracy of the results was Pearson’s correlation coefficient (CC) between the actual
and estimated velocity profile along each component (vertical and horizontal). The other

metric was root mean squared error (RMSE), vector distance-wise, between the actual and
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estimated velocity vectors over the test. All tests for statistical significance were pairwise
t-tests with a p<0.05 threshold.

Using this evaluation setup, the standard Kalman filter’s performance could be compared
to that of the random forest’s as well as the two stage strategy’s (Figure 5.6 and Figure
5.7). As can be seen from the scatter plots in Figure 5.6, the random forest reduced the
RMSE (15.0 + 9.5%) relative to the Kalman filter. Although there was an increase, on
average, in the CC (5.1 £ 20.6%), the result was not statistically significant. The picture
looked even better for the two stage approach with both CC (12.4 4+ 18.9%) and RMSE
(16.2 £+ 9.8%) improved. While the two stage’s increase in CC over the random forest was
statistically significant, its reduction of RMSE was not.

In monkeys, the story is also promising for the nonparametric decoders. Random forests
had better CC’s (14.7 £ 9.5%) and RMSE’s (9.9 &+ 5.4%) relative to the Kalman filter. The
same held true for the two stage approach in both CC (15.3 + 9.9%) and RMSE (12.5 +
5.2%) values. Under the monkey data, the two stage’s improvement over the random forest
was statistically significant in both metrics.

With the two stage approach, we see that all tests, whether in people or monkeys, showed
an improvement in RMSE. For CC’s obtained from session data in people, 33.3% failed to
show improvement, but the average decrease among the group was not large (7.7%). CC’s
in monkeys looked even better, with the two stage approach failing to increase correlation
coefficients only 5.7% of the time, with reductions never more than 4.8%. These statistics
all point to the robustness of the improvement the two stage approach had over the standard

Kalman filter.

5.5 DISCUSSION AND CONCLUSIONS

Our results show a clear improvement in offline decoding accuracy as measured by CC
and RMSE in both people and monkeys. The improvement is greater than 10% and is
comparable or better than other reported gains with advanced decoding techniques [80,
81, 85,94]. Natural questions to ask: Why are these gains happening? Where are they

coming from? As mentioned in the introduction, the response of many single units (35%)
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Figure 5.6: Performance of random forest & the two stage strategy vs. the standard Kalman
filter over 30 tests across two people. Subplots a) and b) compare the random forest decoder
to a standard velocity Kalman filter using Pearson’s correlation coefficient (CC) and root
mean squared error (RMSE) respectively. Subplots ¢) and d) do a similar comparison
between the two stage random forest and Kalman filter combination against a standard
velocity Kalman filter.
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of the population, has been shown to be superlinear [78]. In the finding, they fit a specific
nonlinear curve to the response, but why stop there? One can image a plethora of possible
mathematical relationships between unit activity and kinematic behavior, including cubic
splines and absolute value functions. The value of the nonparametric approach is that the
relationship is built from the data alone, avoiding errors introduced by constraining it to
an a priori function.

Arguably, use of a high order polynomial, or piecewise linear function, could approximate
the response of a single unit. Where such methods get problematic is in capturing the
interactions between unit responses and how those interactions signal, if at all, additional
information about the hidden motor state. Indeed, this challenge is representative of a very
general problem in machine learning, from whence random forests came about. They come
from a class of machine learning approaches called ensemble methods which often strike
an effective balance between bias and variance errors [134]. Random forest regression is
composed of a large set of regression trees. The nonparametric nature of the trees imbue
them with much flexibility in learning the relationship between features and the estimated
outcome. This comes at a cost, however, in that they are very sensitive to the particular
sample set of data chosen to construct them. To deal with the overfitting, each of the
trees is calibrated from a bootstrapped sample of the calibration data. As result, each
of the trees tends to be a weak learner, that is its ability to estimate the outcome is low
due to overfitting, but still tends to be better than chance. However, when the estimates
are combined, the effects of overfitting tend to average out, and the results generalize
demonstrably better than any single member in the ensemble. Given enough data and deep
enough trees with finer and finer regions on their leaf nodes, the method approximates
nearest neighbor methods [151] which is statistically consistent, with errors converging to a
multiple of the Bayes rate as the number of samples goes to infinity [152]. For these reasons,
random forests have become a top contender in applications where a parametric form to
the regression model is not readily apparent [141].

Sometimes, when the mathematical relationship (even an approximate one) between the
informative features is known apriori, the structural form of the estimator can be treated as

a given; we do not require the method to learn the structure from the data. Indeed, the first
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uses of the Kalman filter were in domains such as aerospace, where, for example, an altime-
ter’s response to aircraft’s motion is well understood because the design and manufacture
of the aircraft and altimeter were completely known. However, when it comes to the central
nervous system, the precise mechanisms of action are likely to remain a scientific pursuit
for quite some time. Although, as mentioned above, assuming a linear relationship between
spike counts and intended velocity is sufficient enough that the Kalman filter [26,81,115], or
even the simpler Wiener filter [27] are popular decoders of choice in the iBCI community, we
have provided results that support the belief that a technique such as random forests, with
nonparametrically derived flexibility, can deliver a better approximate mapping, ultimately
delivering a more accurate decoder.

The decoder design is also flexible to the type of features chosen. Recently, there has
been much interest in local field potentials (LFPs) and different categories of motor states
one can extract from them [41,42,46,47,49]. Being nonparametric when processing the
features, the two stage decoder can handle LFPs and has an established track record for
handling the large expansion in features that often result [141]. The architecture can be
easily scaled to additional dimensions in the motor states as well. The lack of any specific
structural assumptions makes use of random forests very generic.

For direct use in iBCI’s as an online decoder, a challenge with nonparametric methods
can be their computational complexity. iBCI cycle times are often in the 10’s of milliseconds.
While the use of bootstrapping, searching for splits, and the need for 100 (or better yet
1,000) trees can make calibration a large number-crunching exercise (several minutes on a
3.4 GHz processor), the number of steps to decode with a random forest is relatively few.
Given 100 trees, assuming each tree has an average depth of 10 (in our case), only 1,000
comparisons must be made, a easy computation for today’s processors.

Furthermore, we saw that including random forests in a hierarchical scheme led to better
performance than decoding by it alone. Decoding in two stages can be seen as a form of
nonparametric feature extraction along the same lines as deep belief networks [153]. The
value of the 2nd stage was to capture the statistical dependencies between past and present
motor states. This functions much like a Bayesian prior, where large changes in velocity over

time are unlikely. We chose a straight Kalman filter for this step to avoid over training.
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Future work could be to experiment with different decoders (including a random forest
variant) for this stage as well.

Another natural next step would be to implement the decoder in real-time, letting a
person with tetraplegia use the technology to control a computer cursor, ultimately one of
the targeted applications of the technology. Because of a person’s ability to compensate for
the decoder’s shortcomings, an innovative decoder which shows promising breakthroughs
in performance offline can wind up unable to repeat the feat online [89]. Nevertheless, our
offline analysis is a good first step, enabling one to rapidly discern the effectiveness of an
algorithm. Also, it is an open question whether compensating for a less accurate decoder
places an undesirable cognitive tax on the user, like a car’s steering out of alignment, or
the person, via the brain’s plasticity, embodies the device and decoder sufficiently that the
resulting reprogramming within the central nervous system eliminates such a burden.

Another direction would be to vet out the two stage decoder under more general condi-
tions. Calibration and testing could be done against a broader range of movements beyond
the point-to-point reaching studied here. Additionally, the data sets came from only two
people, both of which were tetraplegic due to a brain stem stroke. However, other condi-
tions, such as amyotrophic lateral sclerosis (ALS) can result in tetraplegia and we also hope
that people with ALS will benefit from the technology. Nonetheless, we show a remarkable
similarity in performance improvement between the data sets from people with tetraple-
gia and able bodied macaca mulattas. Investigations that combine sessions from monkeys,
where the arm motions are precisely known, and those from people with tetraplegia, who
are representative of people who may one day benefit from iBCls, are rare in the literature.

Beyond showing a promising technical advancement, the results open the door to a bet-
ter scientific understanding of how movement information is encoded in the motor cortex.
Since we did not search over the vast space of possible models, we do not claim that the
presented nonparametric, hiearchical decoder is how the biology functionally decodes the
neural activity. However, if we can better read out kinematic variables with one decoder
vs. another, perhaps the former is closer to the true computational nature. The units the
electrodes happen to pick up are not the exact ones that directly encode all the informa-

tion necessary to represent arm movement, but rather, the unit activity is only a small
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subpopulation of a larger ensemble that is processing information broadly associated with
arm movement. Even with this more indirect, weaker assumption, the success of the non-
parametric decoder suggests that the interaction among unit spiking activity is important
to motor cortical processing. The line of reasoning is similar to the work done with mixed
selectivity unit activity in the prefrontal cortex [154].

Overall, a two stage hierarchical decoder with multiple random forests in the first step
feeding into a single Kalman filter in the second was shown to be an improvement over
the standard Kalman filter decoder in an offline analysis. The data was taken both from
sessions involving people with tetraplegia and monkeys. The nonparametric aspect of the
method provides a flexible, general purpose strategy for iBCI decoding irrespective of the
extracted neural signal features or hidden behavioral/perceptual states of interest. The two
stage’s ability to capture interactions among the neural activity features also lends evidence
to the idea that such interactions are fundamental to cortical processing. Thus, future work

with the method promises to benefit the fields of both neural engineering and neuroscience.
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CHAPTER 6

Conclusion

This thesis has delved into several innovative methods for improving the accuracy and
reliability of decoding from neural signals recorded by iBCIs. We have also used a variety
of evaluation data sets and methods to show their value, including sessions from volunteer
efforts by people with tetraplegia as well as tasks performed by monkeys. We analyzed data
both when the user was attempting to control a computer mouse on a screen using an iBCI
as well as when they made attempted or overt movements. This mix of data sets, all with
an eye towards improving decoding, is unusual in the literature and reflects the different
angles at which we pursued decoding improvements.

The rich diversity is also seen in the various methods explored. Chapter 2 sprang from
the desire to adapt the decoder, and the research required the development of an original
framework to better define the problem. This framework was followed up by creation of
an algorithm with a solid mathematical foundation. We arrived at MOCA via a maximum
likelihood based derivation, with a central role being played by the Ly penalty. The suc-
cess of this method points to a certain level of redundancy in the neural code which we
leverage to uncover units undergoing nonstationary behavior. The novel technology has
broad applicability, and is not necessarily constrained to the world of iBCIs. MOCA can be
directly applied to situations where nonstationarities prevail, but their small number and
infrequency gives us a foothold to climb over the challenge.

In Chapter 3, we attempted to estimate the degree of decoding error perceived by the
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person from the neural activity. Our findings yielded statistically significant, but fairly weak
results, in terms of predictive power. These findings were thought to lack the promise to
warrant further investigation. They did however, bring the use of LFPs into the investiga-
tion. The weakness of the LFP-amplitude-based detection as compared to the spike-based
one suggests the former lacks a uniquely high level of informativeness. Recent publications
point to the same trend [49, 155].

In contrast, there was notable success with mixed decoding in Chapter 4. Unlike MOCA,
the fundamental algorithm is a simpler set of calculations. In fact, the implementation is
a few lines of code. The deeper contribution of the work lies in breaking the equality
between what the decoder decodes and how the device is controlled. Intended arm motions
(velocity and position) are viewed as distinct from cursor commands. This leaves room for
an additional computation step to sneak in between. The idea improved decoding in the
offline tests, almost across the board. It also, as a general tactic, could be employed in
other iBCI, EEG, or ECoG settings, where perhaps joint angles [69] are further processed
to drive a not-necessarily anthromorphically structured robotic arm. Similar ideas could
eventually make their way into an iBCI for locomotion. In this way, the gateway has been
opened, where a whole host of techniques for various subapplications could be developed.

Chapter 5’s use of the random forests in the two stage decoder extracted useful infor-
mation from feature-to-feature interactions. The success was achieved without any a priori
assumptions about the form of those interactions. Instead, the nonparametric algorithm
constructed the associations from the data. The implications have immediate use to improve
decoding in ongoing projects where a person actively controls an external device [24,26].
Another advantage of the nonparametric approach is that no assumptions are made about
the mathematical connection between the feature and hidden state vectors. Therefore, it
can be directly used to decode from other feature types (LFPs) and/or estimate different
hidden states (joint rotations).

The findings of Chapter 5 also have neuroscientific value. Here, we see that treating
the encoding as a distributed code gives better accuracy. The findings add to the growing
weight of evidence that regions of the brain such as the motor cortex convey information

via the activity of neural ensembles. The idea we propose is akin to that advocated in other
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reports [72,154] that the spiking of any one neuron in the motor cortex typically lacks any
easily discernible computational interpretation. Under this line of reasoning, each neuron
is like a pixel on a computer screen, we must move beyond the fluctuation of each pixel,
beyond simple pairwise correlations of pixels, and take in the whole screen to get a picture
of what is being conveyed about behavior, perception, and/or cognitive state.

However, as good as the random forest was, the addition of the Kalman filter as a second
stage made decoding even better. This came about because the random forest itself did
not directly account for the dynamics in the hidden motor state. The a priori model of
a random walk (approximately what the Kalman filter learns) was sufficient to enforce, it
is believed, a level of smoothness in the dynamics, leading to the greater accuracy. More
interesting, only after the results of the projects were in hand, did we see that all four
of the projects used forms of hierarchy. The hierarchy in the two stage algorithm was
apparent, being part of the approach’s inception. However, one can see the hierarchy in
the mixed approach as well, with the Kalman filter being the earlier stage and the mixing
logic a layer of a yet higher stage. The first project too, resulting in the MOCA algorithm,
also can be thought of in layers. The MOCA calculations that estimate the offsets are
directly supplied with the extracted features and output offset corrections which then feed
the Kalman filter. Estimation of error also would be sent to the Kalman filter. Figure
6.1 illustrates one possible way these four research thrusts could unify into a multi-layered
hierarchical decoder.

The fact that we are sketching out a picture where banks of decoding modules feed
their information to higher layers of decoding is of little surprise. The architecture is
reminiscent of recent work with deep belief networks which is an active area of research in
both academia and industry. Interestingly enough, deep belief networks have made strides
in the field of artificial vision for object recognition [153]. There, some of the layers are
specialized, for example, employing convolutional transformations, which are functionally
thought similar to how our brains process imagery [156]. A bigger vision would be to
make the original extraction of informative features from the neural signal learned partially
through machine learning techniques as well. Such a featureless decoding strategy could

uncover, as yet undiscovered, information latent in the voltage fluctuations streaming in
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Figure 6.1: Illustration of how the various research projects in this thesis could be unified
into a hierarchical decoder.

from the microelectrodes.

An immediate use of the technologies invented in this thesis lie in improving the accuracy
and consistency of iBClIs for motor control. The next natural step is to evolve the algorithms
for and evaluate them under real-time conditions. By real-time we mean having a person
use an iBCI to control a computer cursor or other external device where one or more of
the novel algorithms in this thesis partake in the decoding. While the offline setting is an
effective test kitchen to cook up new ideas and rapidly iterate to refine them, real-time
evaluation is a better measure of effectiveness. Fortunately, the developed methods can
support the required calculation deadlines (1 to 100 msec). Also, the three methods are
feature agnostic in the event that future decoding not only works off of spike counts, but
also adds features derived from local field potentials, for instance. Regarding the software
implementation itself, the code does not rely on proprietary subroutines which may be
difficult to port to other languages or difficult to further improve. For example, the solution
to eigensystems is sufficiently difficult that developing the routines from scratch is not
advised [157]. The algorithms are sufficiently transparent to be implementable in typical
programming languages of choice.

As these algorithms get evaluated, however, it does not mean that their refinement will
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stop. For the MOCA algorithm, the suboptimal greedy search is within its core. Forays
can be made to improve the search, such as backward stepwise search to remove offset
components. With the mixed control, we propose opening up the disconnect even further
between what is decoded and what controls the cursor. Added variables, such as joint
angle, or functions of kinematic variables, such as the natural log of the horizontal velocity,
could be added to the list of hidden states. Doing so would make the mixture step more
complicated and the Kalman filter might need to handle nonlinear equations and thus
change to an extended or even unscented version. Right now the random forest works with
100 trees to insure calibration is feasible in a few minutes. Another option is to setup the
algorithm to run in parallel on a large cluster and send the results back to the iBCI cart or
future embedded system. Doing so might enable 1,000 or even 10,000 trees to be included
in the ensemble.

We propose a future course in the science direction as well. When models for how non-
stiationarities enter into the tuning model or how interactions contain information about
latent motor states improve decoding performance, the gains may be because those mod-
els capture how the nervous system itself decodes. Therefore, we have the opportunity to
shed light on how the brain processes information. The investigation path would be similar
to work done in the prefrontal cortex to understand mixed selectivity [154]. The MOCA
algorithm thus could be used as a tool to probe more carefully the dynamics of fast nonsta-
tionarities (over a few seconds), a topic not yet well covered in the literature. The mixed
controller could help to represent the downstream transformations necessary to covert the
information best associated with the recorded neural population with commands that ul-
timately move a muscle’s motor unit. This fact may become even more apparent when
an FES system is used to move the participant’s own arm. For example, suppose we can
connect the FES to activate muscles, but find joint velocities give people the best control,
then we start to have evidence that it is joint angles that are most closely connected with
the information contained within the neural signals we record. Such insights can occur with
random forests as well. Using them as an investigational tool can reveal the true distributed
nature of the motor cortex, or even other cortical regions.

In these ways, the contributions of the thesis positively impacts two communities: the
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neural engineering field and the scientific one. Furthermore, the algorithms developed are
general enough to accommodate future renditions of the decoder in this rapidly developing
field. Even with MOCA, where the derivation on the exact algorithm is based upon the
Kalman filter, the maximum likelihood framework with Ly norm can still be applied should
a different decoder be used. The mixed control and two stage control are even more agnostic
to the core decoder used. The implication is that the techniques are unlikely to be found
obsolete in the near term. Even more broadly, as mentioned above, they open up new
ways of thinking about decoding neural signals and the ideas will hopefully find their way
into a multitude of future work. The prospect is that, in the years to come, our scientific
knowledge and technical know how will be sufficient enough to restore freedom of movement

to individuals who have lost the ability.
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