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Abstract

Using signals recorded from the brain to control an artificial device, neural prosthetic systems
are a promising option for restoring independent motor control to people with permanent
injuries, such as paralysis. Since humans generally look towards their target before reaching or
moving, motor prosthetic applications could be improved with reliable decoding of eye position.
For this thesis, we studied oculomotor signals encoded in the cortical local field potential (LFP)
during reach planning. LFPs recorded from the medial intra-parietal (MIP) and dorsal pre-motor
(PMd) areas of the brain — known to encode reach intentions in coordinates related to eye
position — were transformed to the time-frequency domain using multi-taper analysis. We
investigated whether LFP spectral power can be decoded for two novel purposes: 1) to determine
saccade or pursuit eye movement direction during a concurrent reach planning period; and ii) in
the same reach planning scenario, to detect saccade or pursuit eye movements within a 100 ms
post-onset period. First, using a naive Bayes classifier, we showed that eye movement direction
is encoded in LFP spectral power independently of reach direction; however, decode accuracy
may be degraded by concurrent reach planning. Second, we proposed a causal, general support
vector machine-based algorithm for detecting eye movement onset in real-time. We then
implemented single-trial simulations to demonstrate its qualitatively desirable behavior. We
showed false detections were clustered near the post-onset period and true positive detections
were made at a significantly above-chance rate for saccades and pursuits. Our results suggest that
MIP and PMd LFPs could potentially be used to decode oculomotor signals, and thereby

improve reach-related neural prosthetic devices.



Abrégé

Des systeémes prothétiques neuronaux sont une option prometteuse pour rétablir le controle
moteur indépendant aux personnes avec les blessures permanentes, telles que la paralysie. Dans
cette mémoire, nous étudions les signaux oculomoteurs qui sont encodés dans le potentiel de
champ local (PCP) cortical pendant la planification de portée. Les PCPs enregistrées des zones
du cerveau sensorimoteur médial intra-pariétal (MIP) et dorsale pré-moteur (PMd) - connus pour
encoder les intentions de portée comme les coordonnées liées a la position de 1'oeil - sont
transformés au domaine temps-fréquence en utilisant l'analyse multi-effilage. Nous examinons si
le PCP peut étre décodé d'une maniere fiable pour deux nouveaux objectifs: i) pour déterminer si
la direction saccade ou poursuite peut étre vérifiée pres du temps de son commencement pendant
qu'une portée instruite précédemente est prévue simultanément; et ii) dans le méme scénario de
planification de la portée, pour déterminer si les saccades ou poursuites peuvent étre détectées
dans les 100 ms avant le commencement du mouvement. Tout d'abord, en utilisant un
classificateur de Bayes naif, nous montrons que la direction du mouvement de 1'oeil est encodée
dans la puissance spectrale du PCP, mais la précision du décodage est sévérement diminuée par
la planification de la portée concurrente. Deuxiémement, nous proposons un algorithme qui est
causal, général et basé sur un machine a vecteurs de support pour détecter le commencement des
mouvements oculaires en temps réel de la puissance spectrale du PCP. Nous menons les
simulations seules essaies pour démontrer son comportement qualitativement souhaitable. Nous
utilisons les données enregistrées des zones MIP et PMD pour montrer que les fausses détections
sont regroupés de maniére disproportionnée a proximité de la période de commencement et les
taux de vraies détections positives sont considérablement au-dessus le hasard pour les saccades
et poursuites. Nos résultats suggerent que la puissance spectrale du PCP n'est peut-&tre pas un
signal de commande porté-prothétique acceptable pour obtenir de l'information oculomoteur
directionnelle; cependant, il peut étre efficace comme source temps réel des informations
temporelles liées a des changements dans 1'état comportemental, et en particulier, I'apparition des

saccades et des poursuites.
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1. Introduction

1.1 Neural prosthetic systems

When people lose sensory or motor capabilities, neural prosthetic systems provide a promising
avenue for regaining independent functionality. Around the world, millions of people are
afflicted with blindness, deafness, limb loss, ALS, and paralysis [1,2,3,4,5]. With such
permanent conditions, there are few options for restorative treatments. However, by combining
research and technology from fields like neuroscience, machine learning, and engineering, neural

prosthetic systems have already helped people regain sensory and motor control.

The most successful sensory prostheses currently in use are cochlear implants (CIs). Cls are
surgically implanted electronic devices that approximate the actual hearing process of humans.
Roughly speaking, a microphone is used to record sound near the ear; the recorded sound is then
processed, transformed into a frequency domain signal, and, after further bandpass filtering, is
transmitted to an electrode array that has been inserted into the cochlea. Finally, a specified
electrode on the array stimulates a corresponding set of naturally occurring auditory nerve fibers,
leaving the patient’s brain to finish interpreting the stimulus. CIs have been successfully
implanted in hundreds of thousands of people in North America alone, with outcomes varying
greatly from those with almost no improvement in hearing to congenitally deaf subjects who are
able to attain nearly normal levels of oral communication [6]. Visual prosthetics are also being
developed to provide vision to patients with severe or complete blindness. In general, these
systems work by electrically stimulating the retina or other parts of the visual tract. A camera is
used to capture input, the information is transmitted to an electrode device, and a representative
but low-resolution light pattern is written to the nervous system. The Argus II retinal prosthesis
became the first such system approved by the FDA in 2012 [7]; however, only minor

improvements to vision have been attained from any visual prosthetic system so far.

More relevant for those suffering from conditions like ALS and paralysis are motor prosthetic
systems. Many patients experience loss of motor capability due to nervous system damage below

the brain stem. In other words, the motor commands generated by the brain are normal, but the



signal is corrupted, interrupted, or otherwise cannot be executed. Motor prosthetic systems use
naturally generated neural commands by recording an appropriate part of the brain, processing
the signal externally, and then applying the signal to control an artificial device. Several groups
have shown that people can effectively control robotic limbs with this approach (e.g. [8,9]), and
many other studies have reported successful brain-control trials with monkeys (e.g. [10,11]).
This means the signal processing and control of motor effector (i.e. mouse cursor or robotic arm)
are executed in real-time with no external guidance or input after the trial has begun. One recent
study reported that signals recorded from the motor cortex of a tetraplegic 24-year-old male were
decoded and used to control a custom device that stimulated muscles in his own arm [12]. He
was then able to make movements composed of six independent motions, or degrees of freedom,
between his wrist and hand, including accurate pinches and grasps. New applications of powerful
machine learning algorithms, improved recording quality and bandwidth, as well as continued
improvement in understanding reach and movement planning and execution, are leading to

promising advances in motor prosthetic systems.

1.2 Overview

When humans plan and execute a reach, we most often look at our target first. Therefore, one
way to improve the performance of motor prosthetics for reaching tasks is to also know where
the subject is looking. While eyes are sensory organs, they are effective partially because of the
way they move. Eye movements allow a person to keep their gaze centered at the locus of
attention. This means that the central region of the retina, which is called the fovea and has the
densest population of photoreceptive cells, stays focused on the target that a subject may want to
reach towards. The oculomotor commands that drive these eye movements are generated,
maintained, and updated by a system distributed throughout the cortex. This distributed nature
means we can often infer eye position and movement intentions from brain activity at sites not
directly related to the formulation of eye movements. In this study, we decoded eye movements
using signals recorded from brain areas known for reach planning— the medial intra-parietal
cortex (MIP) and dorsal pre-motor cortex (PMd) [11,13,14,15]. Because the amount of

independent information that can be simultaneously extracted from neural recordings is one of
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the rate limiting factors in prosthetics research, obtaining an additional information stream from

data that is already used could improve performance.

Early neural prosthetic studies used either electro-encephalograms (EEGs) or micro-electrode
probes to record neural activity. The former captures extremely low-amplitude electric potential
— or voltage — signals from electrodes placed on the subject’s skin, while the latter records action
potentials — commonly known as spikes — from a small number of neurons in its immediate
proximity. Consequently, the voltage and the spike counts would comprise the control signal for
the prosthetic systems. While EEGs provide a sustainable and non-invasive signal, recording
across the skull greatly diminishes the attainable level of spatial resolution, dampens the signal,
and introduces noise. Single- or multi-unit (neuron) spike recordings avoid these problems, but
require invasive surgery. Further, on the timescale of months, spike recordings begin to
deteriorate in amplitude and quality due to scar tissue buildup and other biological responses
[16,17]. Although new probe designs and advanced materials are being developed to mitigate
these effects, effective spike recording beyond the order of five years is only beginning to
become possible [18]. To avoid some of the issues presented by EEG and spike recordings, we

used a less studied, yet very promising, control signal.

The local field potential (LFP) is a low-pass filtered version of the raw electrophysiological
voltage signal that is recorded with probes implanted in the cerebral cortex. It reflects an extra-
cellular summation of electrical activity occurring within a relatively extended region
surrounding the probe, called a listening sphere. This region can range from tens of microns to
several millimeters in radius, depending on factors like brain area and recording hardware
[19,20]. And while the LFP is recorded with the same probes or arrays as spikes, it is more
robust to scar tissue buildups and slight position changes because it does not require close
proximity to any specific cell. These factors make the LFP a more durable signal than spikes
without conceding signal quality and resolution to the extent of EEGs [21,22]. As such, the LFP
is an attractive candidate prosthetic control signal. A deeper review of LFP attributes, drawn

from the literature, is provided in 1.3.1.
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In this thesis, we summarize our investigation of LFPs recorded from MIP and PMd. Each
recording occurred during a short time interval that included a single eye movement, which was
executed while a previously instructed reach was being planned (see 2.3 for description of the
behavioral task). We used two classification algorithms — a naive Bayes classifier and a support
vector machine (see 2.4.5 and 2.4.7) — to simulate real-time decoding of eye movement direction
and onset time, respectively. By demonstrating that such oculomotor variables can be decoded
from reach-related brain areas, while a reach is simultaneously being planned, we established
LFPs from MIP and PMd as a source of information that can potentially be used to improve

motor prosthetic performance.

In section 1.3, we provide the scientific foundation for this study through a review of related
literature, and in section 1.4, we outline the specific objectives. In chapter 2, we detail our

experimental methods, along with the corresponding theory.

1.3 Review of related literature

In this review, we characterize the signal processing and neurological basis for the local field
potential (1.3.1), briefly discuss saccade and smooth pursuit eye movements (1.3.2), and outline
the cortical areas involved in visually guided reaching (1.3.3), with emphasis on areas MIP and
PMd (1.3.4-1.3.5). We then compare traditional motor prosthetics with the competing idea of
cognitive neural prosthetics (1.3.6), and finish with an overview of commonly used decoding

algorithms (1.3.7).

Studies referenced throughout this review heavily rely on non-human primate (NHP) subjects —
especially macaque monkeys. As such, they necessarily rely on the analogous nature of the
human and NHP visual and reach planning systems. While some anatomical labels may,
therefore, be specific to macaque neurophysiology, a homologous area is almost always well
established. A great deal of evidence has been gathered to justify this assumption (e.g. [23,24]),

and such evidence provides the scientific basis for using NHP subjects as human surrogates.
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1.3.1 Local field potential

As noted in section 1.2, the local field potential is the oscillatory and relatively slowly varying
component of the extra-cellular voltage signal recorded by cortical probes or subdural electrode
arrays. Measuring these signals is possible due to the constant electro-chemical communications
between neurons. Neurons can be thought of as basic cellular units in the massive parallel
computing structure of the brain — estimates suggest an adult human brain contains on the order
of 101! neurons [25]. On a coarse and generalized level, neurons are composed of a possibly
large number of dendrites that connect to the soma - which contains the cell’s nucleus - as well
as a single axon that extends away from the soma and ends at the axonal terminal, off of which
multiple synapses branch. When the dendrites collectively receive enough stimulation from other
neurons to reach a positive voltage threshold, the soma fires an action potential — a large, non-
linear electric impulse — down the axon. As the spike propagates to the axonal terminal, the
synapses are activated to make excitatory or inhibitory electro-chemical interactions with the
dendrites of other neurons. When a spike signal is recorded, it is usually the action potentials
from large pyramidal cells that are measured. In contrast to spikes, LFPs are thought to primarily
capture the combined synaptic activities of nearby neurons, although the exact sources of the
signal are somewhat unknown [26,27]. Oftentimes, synaptic activities do not aggregate in excess
of the potential threshold that produces a spike; however, the LFP is sensitive to these inputs
nonetheless. This additional information can be construed as a positive feature of the LFP that is

not captured by the spike signal.

The LFP has several other appealing properties. First, it is easily isolated by low-pass filtering
the raw voltage signal, usually with a cut-off frequency at or below 500 Hz [28], thus attenuating
the spike and high frequency noise portion of the signal. Second, due to its lower frequency
nature, studies have shown that, relative to spikes, it correlates more closely with the functional
magnetic resonance imaging (fMRI) BOLD signal [29], which is a measure of blood-oxygen
level that exploits the coupling of neural activity and cerebral blood flow [30]. This connection
suggests the two signals may encode similar local synaptic activities, which also suggests the

insights obtained from each signal individually may be pooled to some extent. Third, because the
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LFP mainly conveys aggregated, sub-threshold synaptic input, whereas spikes reflect neural
output, the two signals in many cases encode different information [11,31,32]. Importantly,
Zanos and collaborators showed that obtaining the LFP with a more sophisticated spike-removal
algorithm than low-pass filtering can eliminate artifacts that produce exaggerations in spike-LFP
correlations [33]. Fourth, the oscillatory nature of the LFP makes it conducive to analysis in the
frequency domain, as well as the time domain. Producing and investigating time-frequency
spectrograms (see section 2.4.2) has proven to be a useful technique [34,35], and it facilitates the
independent inspection of frequency bands, which have been shown to encode different
information in both motor (eg. [36,37]) and sensory (eg. [38,39]) settings. In combination with
its previously mentioned long-term robustness these properties make the LFP an appealing signal

for clinical prosthetics applications.

1.3.2 Saccades and smooth pursuits

Saccades and smooth pursuits are the two ways that primates can make voluntary eye
movements. Saccades are rapid eye movements made between two points without the capacity
for correction or alteration during motion. This is because they occur on short time scales (~20
ms) and are not guided by continuous feedback. Rather, they can be corrected with further
saccades after the previous ones are complete. They serve to rapidly and optimally position the
fovea for best possible vision. Not only is this important to ensure the most sensitive part of the
retina is well used, it is also important due to cortical magnification: the phenomenon in which,
surface area-wise, disproportionate cortical resources are dedicated to processing foveal input
[40]. Similarly, smooth pursuits — or simply, pursuits — allow primates to foveate moving targets
with slower, tracking eye movements. Unlike saccades, pursuits necessarily use visual feedback

to maintain accuracy over longer periods of time.

At least three areas of the primate brain are responsible for saccade generation: the frontal eye
fields (FEF), the supplementary eye fields (SEF), and the parietal eye fields (PEF) [41]. PEF lies
within the lateral intra-parietal cortex (LIP), which plays a central role in transforming visual

stimulus into eye movement intentions. This is further discussed in 1.3.4. SEF is important for
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triggering memory-guided saccades and planning saccade sequences, while FEF is responsible
for triggering predictive and visually guided saccades. PEF shares shares several responsibilities
with FEF and is important for reflexive, visually guided, and exploratory saccades. These three
cortical areas are critical for saccadic movements, but make up only a small subset of the system

governing eye movements; the same is true for smooth pursuits.

Recent work has shown that pursuits are governed by an anatomically parallel system to
saccades [42]. It may not be surprising that the systems are closely linked; saccades often
precede and intercede pursuits in order to rapidly reduce the error signal between desired and
actual eye position. Areas FEF, SEF, and PEF/LIP each perform important functions for proper
pursuit movement. FEF lesion studies have demonstrated the area’s significance for ongoing,
predictive pursuits, which may be required for tracking an oscillating target [43], while SEF
stimulation has revealed a primary role in production of anticipatory pursuits [44]. LIP and other
intraparietal areas have been studied less in the context of pursuits, but direction-specific tuning
— elevated or inhibited neural response corresponding to movement direction — has been
observed [45,46]. As with saccades, the system responsible for pursuit generation and
maintenance extends far beyond these areas, and some mechanisms are still not well understood.

Barnes provides an in-depth review of the current consensus [47].

More pertinent than the mechanistic workings of eye movements is the role they play in
providing sensory information to the motor planning and execution areas of the brain. Because
primates naturally look where they are reaching and moving, understanding how the brain
incorporates visual stimulus and its (objective and relative) spatial location into reach plans is

important for building effective neural prosthetic systems.

1.3.3 Cortical pathway for visually guided reaching

The primate visual system is comprised of many regions of the cortical and sub-cortical brain
that perform a wide range of functions. Visual input is captured by the eye when photoreceptor

cells in the retina are stimulated. The input propagates through the optic nerve and is then
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primarily directed to the lateral geniculate nucleus (LGN). The LGN has six distinct layers,
which process stimulus according to the retinal-ganglion cell of its of origin [48]. As the stimulus
passes through different layers of the LGN, and then into the primary visual cortex (V1), two
distinct — although not strictly defined — subdivisions in the visual pathway begin to arise: the
ventral and dorsal streams. Goodale and Milner proposed the streams be classified with emphasis
on their functional roles, of perception versus action, respectively, rather than according to their
differences in input [23]. The action-centric functionality of the dorsal stream makes it most

relevant to visually guided reaches.

Each component of the dorsal pathway plays a specialized role for visually guided reaching.
After the input signals are processed in area V1, the dorsal stream continues to the posterior
parietal cortex (PPC), on to the pre-motor cortex (PMC), and then to the primary motor cortex
(M1), where the final motor commands are formulated before transmission through the brain
stem to the spinal cord [49]. From the time that the minimally pre-processed visual stimulus
enters V1 to the point when the motor command is transmitted down the spine, several
intermediate steps must take place. For example, the eyes capture the target and other visual
input in retinotopic coordinates, meaning the target’s location is defined by the location of its
projection onto the retina. However, knowledge of the target’s retinotopic position, or even its
position relative to where the eyes are looking, is not sufficient to execute an accurate reach. The
brain must also be continuously accounting for the position of the head, shoulder, arm, and hand,
at minimum. This tracking can occur visually to an extent, but also requires proprioceptive and,
sometimes, auditory feedback. The complexity of the task ultimately requires multiple reference
frames to encode relative positions of all moving parts under general conditions. As such, the
constituents of the dorsal pathway must determine the correct movement vector — the desired net

motion of the hand — through a series of coordinate system transforms [50].

The set of computations required to perform these transforms and produce motor commands
from visual, auditory, or other sensory input, is called sensorimotor integration. Trotter and
Celebrini demonstrated that the process begins as early as V1, which receives retinotopic input
from the eyes [51]. Their experiment showed that position of the eyes, or gaze angle, in addition

to position of the target on the retina was required to explain the observed response of a large
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fraction of V1 neurons. A more recent fMRI study confirmed that early visual areas in humans,
like in monkeys, encode stimulus in eye-centered coordinates [52]. Thus, a three-dimensional
representation of space, necessary for making sophisticated reaches, begins taking shape in the
visual cortex. Momentarily bypassing areas PPC and PMC, which are covered next in 1.3.4 and
1.3.5, a very different picture arises in M 1. Gaze location has almost no bearing on neural
activity, while position of hands and other dynamic body parts strongly modulate responses in
specifically concentrated sub-regions. This has been demonstrated practically in studies such as
[53], in which a support vector machine with Gaussian kernel was trained on spike counts from
M1 neurons — recorded during reaction time between a cued reach and reach execution — that
consistently responded to arm movements. Because M1 output is directly projected to the spine
[49], followed by the musculature required for reach execution, the authors were able to
accurately decode the subject’s reach intention just before movement onset. Since M1 neurons
respond with respect to the position of moving body parts, while visual stimuli, including reach
targets, are encoded in an eye-centered reference frame, the conflicting representations must

therefore be resolved in PPC and PMC.

1.3.4 Posterior parietal cortex

In 1987, Andersen proposed that the reception of input from visual, auditory, and somatosensory
areas, and transmission of output to pre-motor and motor areas could indicate an important role
for the posterior parietal cortex in sensorimotor integration [54]. A number of lesion studies have
since solidified this argument. Patients with PPC lesions often experience apraxia, which
manifests as an inability to plan and execute simple motor tasks when prompted, despite
comprehending the request and possessing the physical capability. For example, human patients
who suffer from ideomotor apraxia may not be able to demonstrate how to pick up a phone as
though it were ringing when asked, yet are able to answer the phone without any problem when
it actually rings [55]. Similarly, other subjects with a PPC lesion experience optic ataxia [56].
While their ability to observe and identify a target object, as well as their ability to make
voluntary arm movements, remains in tact, hand-eye coordination is severely degraded and

results in extreme difficulty when attempting to reach and grab the object. In all such cases,
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sensory information is properly processed (the auditory request to pretend the phone is ringing is
comprehended, and the target object is visually identified) and motor function is available (the
phone can be answered when actually ringing, and reaching motions can be made in general), yet
the sensory information cannot be properly transformed into the desired motor plan. Therefore,

PPC lesions result in a clear deterioration of sensorimotor integration faculties.

The PPC is composed of sub-regions that lie within and around the intraparietal sulcus, and it
occupies Brodmann’s areas 5 and 7. Mounting evidence suggests that the different PPC sub-
regions each maintain topographic spatial maps of movement intention corresponding to various
motor body parts. Sakata and collaborators have demonstrated the specialization of the anterior
intraparietal cortex (AIP) for grasping motions by observing strong neural activation patterns
associated with objects of certain shapes and size, as well as for certain configurations of the
hand [57,58]. As noted in 1.3.2, area LIP encodes information related to saccades and pursuits,
and eye position in general. Multiple groups have shown that eye movement intention variables,
such as direction and magnitude, can be decoded from LIP spike and LFP signals in both offline
[59] and online [60] settings. The medial intraparietal area, which is directly adjacent to LIP,
accounts for a significant fraction of the parietal reach region (PRR). PRR, which also includes
visual area 7a and the dorsal parieto-occipital area [61], features a high concentration of neurons
that are sensitive to planned reach direction relative to gaze position, even in cases when an
actual reach is not executed. In all of these sub-regions, the output is related to movement

intention; however, integration of sensory information is vital for motor planning in each case.

Sensorimotor integration in PPC also involves more computationally intensive processes than
simply mapping a stereotyped neural response to shape or direction, as described previously.
Andersen and Mountcastle were the first to find evidence for the existence of cortical gain fields
in their 1983 study of area LIP [62]. Gain fields were hypothesized as an encoding scheme
capable of describing complex motor plans and movements, often involving coordination of
multiple effectors. The underlying theory is that a given brain area will encode a stimulus or
intended action relative to a corresponding reference frame, resulting in a baseline neural
response. However, the magnitude, or gain, of this neural response is multiplicatively modulated

by the input from other neurons that are encoding a secondary variable. In the case of area LIP,
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the retinotopic position of a target stimulus, with a fixed central gaze, defines the baseline
response. As the subject alters gaze angle — while target position is also altered to ensure its
location on the retina stays constant — the directional tuning remains unchanged, but the
magnitude of the neural response varies approximately linearly. This was observed for both
horizontal and vertical gaze angle changes in [62]. Since then, gain field encoding has also been
discovered in area V1 [63], the parieto-occipital sulcus [64], and several other regions of the

cortex and sub-cortex, with modulation due to factors like attention [65] and head position [66].

In 2009, Chang and collaborators made a significant breakthrough in visually guided reaching by
discovering gain fields in PRR [67]. Their experiment required the macaque subject to
simultaneously fixate and touch targets on a screen that were separated by 15°, before
completing a peripheral reach without moving his eyes. By varying whether the touch or fixation
target was closer to the eventual reach target, the authors determined that both eye and hand gain
field neurons exist in PRR and that their activity is negatively correlated. A collection of such
neurons results in a combined gain field that modulates neural activity according to the distance
between the subject’s hand position and gaze position before movement onset. On a broader
level, the existence of PRR gain fields provides a theoretical avenue for performing coordinate
transformations from an eye-centered to a hand-centered reference frame. Specifically, the
brainstem and somatosensory cortex use efference copies — internally rerouted versions of motor
commands — and proprioceptive feedback to track hand and eye position, and provide this

information as input to PRR [68]. Since PRR has neurons that can encode hand position in eye-
centered coordinates, a vector representing eye-centered hand position can be computed, say EH.
Similarly, PRR receives target position in eye-centered coordinates from V1, so it is possible to
determine a vector representing eye-centered target position, say ET. Finally, to obtain the reach
error-signal, which is the hand-centered target vector, HT, hand position must be vector
subtracted from target position in eye-centered coordinates: HT = ET — EH. When gaze is fixed
on the target, this is the exact computation that PRR gain fields facilitate. Although this is not the
only model for coordinate transformations with gain fields (see [67]), its existence demonstrates

the importance of gain fields in particular, and the role of PRR and PPC for visually guided

reaching in general.
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1.3.5 Pre-motor cortex

Like PPC, PMC is a sensorimotor area with sub-regions specialized for a variety of motor tasks.
Due to its connectivity with the spine, it may have a direct motor control function, but it is also
known to be involved with movement planning. PMC is located in Brodmann’s area 6, and is
downstream from PPC in the visual pathway, with the latter projecting signals directly to the
former [69]. PMC is generally sub-divided according to its ventral and dorsal aspects, PMv and
PMd, respectively, and sometimes further into rostral and caudal regions. The rostral region of
area PMv is known to be specialized for grasping [70], and neural stimulation studies have also
demonstrated its involvement in coordinated movements involving the hands and mouth [71],
such as those required before biting into an apple. The caudal PMv region appears is be more
sensory oriented, with neurons that are especially sensitive to tactile stimulus and nearby,
possibly threatening, objects [72]. Areas FEF and SEF, which also reside in the frontal lobe, both
border PMC; however, they are not generally included as a sub-region. Finally, area PMd is part

of the dorsal visual pathway and is an important contributor to visually guided reaching.

The location of area PMd in the motor cortex and its position in the dorsal visual pathway are
both highly suggestive of its role in reaching. It has been shown to have output connectivity to
both the primary motor cortex [73], commonly known as M1, and the spine [49], while receiving
input signals from PRR [69]. More concretely, lesion studies have demonstrated decreased reach
planning ability when PMd is damaged. For instance, Moll and Kuypers repeatedly observed
macaques with PMd lesions reach directly into a solid, transparent obstacle in an attempt to grasp
food on the other side [74]. The subjects were aware of the obstacle, but could not formulate a
movement plan to reach around it. Micro-stimulation and recording experiments conducted
throughout the 1990s and early 2000s revealed strong neural correlations with reach related
variables, including reaction time, reach amplitude, and direction [75,76]. Then, in a 2006 study,
Pesaran and collaborators discovered evidence of a “relative position code” in PMd that unified

several of the previous results [77].

The relative position code means PMd uses a reference frame that encodes the relative positions
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of the eyes, hand, and target. This differs from MIP/PRR, where target position is encoded only
relative to the eyes. In essence, a relative eye, hand, and target reference frame implies that,
regardless of objective spatial position or position relative to the head, shoulders, or other body
part, the same configuration of eye, hand and target position with respect to one another will
evoke the same neural response. To verify this, the authors held the relative position of two of
the variables constant and adjusted the third across a range of values. Of the 111 PMd neurons
they studied, 63 were found to encode at least one of the eye-hand, eye-target, and hand-target
relative position vectors, and of those 63, roughly 40% encoded two or more, with almost 25%
encoding all three. With each of these neurons, the authors verified the encoding could not be
explained by the multiplicative effects of gain fields; however, gain field signals from MIP may
project relative position input to PMd to help construct the reference frame. While the exact
computational details are yet to be proven, the relative position code in PMd, along with eye-
centered gain fields in PRR, provides a powerful technique for determining hand-centered reach

vectors from stimulus that was originally in retinotopic coordinates.

1.3.6 Motor versus cognitive control of neural prosthetic systems

The importance of areas PPC and PMC to motor prosthetic systems extends beyond the reach
mechanics they encode. Rather, both have played an important role in the emerging focus on

cognitive neural prosthetics, which use higher level, goal-related control signals.

Early motor prosthetics generally relied on specific trajectories decoded from the motor cortex or
other frontal areas. For example, to reach an apple 30 cm to the left of current hand position
while a fragile obstacle lies on the most direct path, the subject must devise a multi-step strategy
to complete the movement. This would involve continuously updating the reach plan to reflect
new circumstances. Rodent and primate studies provided plausibility for this technique [78,79],
but several problems became evident. While it is intuitive to use signals that are directly
projected to the desired motor effector, the bandwidth required to record and process the
activation patterns that produce the muscle trajectory in real-time can be prohibitive [80].

Further, the inevitably imperfect reconstruction of the original signal can lead to broken and
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unnatural movements. However, as recording techniques and computing algorithms improve,
trajectory decoding from motor areas may become more viable. Recent studies with tetraplegic
human patients have already demonstrated that signals recorded from the motor cortex can guide
reach and grasp movements with at least seven degrees of freedom, using a robotic [81] or

artificially-stimulated natural arm [12].

An alternative to determining complete movement trajectories is to decipher a subject’s
movement intentions, and then use an intelligent robotic system to map a trajectory and execute
the motion. This is the idea behind cognitive neural prosthetics [82]. When the subject aims to
reach to the same apple as before, the visual stimulus paired with “intention” should be sufficient
to identify the target and desired action. Software designed to formulate a trajectory around
problematic obstacles — perhaps in conjunction with additional neural or external data — can then
provide the detailed plans required to complete the movement. The defining feature of intention
— as opposed to motor — signals are their independence from movement execution. In other
words, an intention signal should not rely on the actual occurrence of the planned movement (or,
in the absence of a functional motor effector, the projection of movement signals down the

spine).

In 2002, Buneo and collaborators were the first of several groups to demonstrate that PRR
encodes reach-related intention information [83,84]. In 2004, Musallam and collaborators
verified these findings with a primate brain-control study, and showed PMd may also encode
intention [15]. The Musallam experiment required the subjects to, first, make physical reaches to
a previously cued peripheral target after a 1.2-1.8 s memory period. Using these trials to train the
decoder, the macaques then performed brain-control trials, in which no movements were
permitted. The decoder was run from 0.2-1.2 s during the memory period; the lower bound was
set to prevent any possible influence on the recorded signals from the target cue, and the upper
bound ensured the signals were intention-related, rather than related to a suppressed movement.
After a few weeks of training, roughly two-thirds of brain-control trials were successfully
decoded on an eight-target task using sixteen PMd neurons. A similar success rate was achieved
on a six-target task with eight PRR neurons. Additional cognitive variables, such as behavioral

state and expected reward, can also be decoded [85]. For reaching tasks, a subject’s possible
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behavioral states could include resting, cue observation, movement planning, and movement
execution. Identifying behavioral states, and especially transitions between states, can convey
important temporal information about movement timing [59]. Expected reward — also called
expected value — is meant to capture a snapshot of the subject’s frame of mind. In primate
experiments, it has been studied by previewing the upcoming (juice) reward that is contingent on
successful completion of a trial. Perhaps unsurprisingly, a subject’s reward history — in the case
of primate, pigeon, and presumably, human subjects — can be used to predict future behavior
[86]. The conceivable applications for each identifiable cognitive variable are wide-ranging, and
it is possible that such variables can be decoded from many brain areas. However, the

sensorimotor PRR and PMd areas have proven well suited for neural prosthetics.

1.3.7 Decoding algorithms

Thus far, we have identified PRR/MIP and PMd as sensorimotor cortical areas that are of central
importance to movement planning and execution (1.3.3-1.3.5). We have introduced the LFP that,
as an alternative neural signal to spikes, is relatively easy to record, is robust over the course of
years (1.3.1), and importantly, may encode motor and cognitive variables that are essential to the
success of prosthetic systems (1.3.6). We now conclude this review with a brief overview of

decoding algorithms, which play an integral role in all motor prosthetic systems.

Decoding algorithms translate recorded neural signals to a set of commands that produce desired
movements — or more generally, output — from an artificial effector [87]. This output could be
reaching conducted by a robotic arm, cursor movements or button presses on a screen, electrical
muscle stimulation in a natural body part, or custom control of an assistive device [88]. The
algorithms are generally direct applications of one or more statistics or machine learning

techniques, and usually fall into one of two categories: regression or classification.

Regression algorithms are used to decode continuous variables from an input signal. This is the
case with hand or eye trajectories, for which it is desirable to know position as a function of time

to a high degree of precision, in one-, two-, or three-dimensional space. The Kalman and Wiener
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filters are commonly used linear techniques for trajectory prediction [87]. The Kalman filter (see
[89] for a simple mathematical derivation) is a probabilistic Bayesian inference technique for
estimating continuous variables, such as position and velocity. It is an ideal algorithm for real-
time applications because it is linear, and thus computationally palatable, and it features the
recursive, or Markov, property of making future estimates based only on the present input
signals, the most recently estimated state, and the given type of noise. Mulliken and collaborators
trained a macaque to use a joystick to control a cursor and select one of eight peripheral targets
while maintaining central eye fixation [90]. Using the recorded PPC signals to train a Kalman
filter, the subject was then able to produce similar cursor trajectories in brain-control trials
without the joystick. Taking a step towards cognitive neural prosthetics, the authors then
incorporated goal-based signals into the filter and improved accuracy and timing results to nearly
level the attained with the joystick. In a recent offline analysis, Friedman showed that pursuit
trajectories could be decoded with a Kalman filter from neuron spike signals in areas MIP and
PMd [91]. In contrast, non-linear algorithms, such as artificial neural networks and particle
filters, can more accurately model the data by occupying a larger state-space, but can be opaque
to interpretation. Further, added computational complexity may limit their clinical viability in the
near- to mid-term picture. However, small, non-linear extensions to linear algorithms are
beginning to show promising results, as they add flexibility to the models without drastic
increases in computational burden (e.g. [92]). As machine learning research continues to

advance, regression decoding algorithms are likely to become more effective as well.

When the variable to be decoded is discrete and has a small number of possible outcomes,
classification methods become more appropriate. Predicting an intended movement direction,
identifying movement type, and classifying behavioral state are all examples of classification
tasks. The naive Bayes classifier (NBC) is a commonly used algorithm for neural classification
tasks. Given a set of labeled training examples, the NBC returns the maximum a posteriori
estimate of the classification variable for an unlabeled test example, which is just the maximum
likelihood estimate weighted by prior belief (see 2.4.4 or [93] for a detailed derivation). Using
the NBC Scherberger and collaborators, recording from PRR, reported offline, average
classification accuracies well above 80% for eight-target, center-out reaches using both spikes

and LFPs [31]. In a delayed saccade task, they obtained 40% accuracy using LFPs and over 70%
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using spikes. They also used the NBC to discriminate between baseline, movement planning, and
execution behavioral states with an accuracy of over 90%. Their strong results in each case
demonstrates the NBC’s versatility. K-nearest neighbors, which assigns a test example the same
label as the plurality of its K nearest neighbors in a labeled training set, and support vector
machines, which minimizes an objective function to determine an optimal weighting vector (see
2.4.7), are two other well-known classification algorithms that have achieved good results for

neural classification tasks.

While appropriate algorithm selection is critical to successful decoding, even the best algorithms
are currently limited by problems like the non-stationarity of neural processes, the apparent
randomness and noisiness of neural signals, the large number of variables simultaneously
encoded by the brain, and most of all, the miniscule fraction of data that can be recorded from
the brain at any given time. Advances in adaptive algorithms, improvements in recording
technology, and emerging research in fields like cognitive neural prosthetics, are helping to

mitigate these issues, but a great deal of work remains.

1.4 Objectives

MIP and PMd are well-established reach planning areas, and there is also evidence that LFPs
from these regions explicitly encode eye movement variables [31]. Because reaches are encoded
relative to eye position in MIP and PMd [14,59], simultaneously decoding eye position and reach
planning variables could be important for improving motor prosthetic performance. However,
the impact of reach planning on LFP oculomotor encoding has not previously been studied. As a
first step towards determining the extent of oculomotor encoding under such conditions, we

posed two hypotheses:
1) During reach planning, band-averaged LFP spectral powers from areas MIP and PMd

are statistically correlated with saccade and smooth pursuit eye movement directions

in at least some frequency ranges. The correlations can thus be exploited to decode
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movement direction on a single-trial basis.

i) During reach planning, the same spectral signals in MIP and PMd correlate with eye
movement onset time in at least some, but not necessarily the same, frequency ranges.
The correlations can thus be exploited to decode time of movement onset on a single-

trial basis.

To test the hypotheses, we can consider a simple, discretized model for eye position, in which
movements can only be made from a central target to one of four peripheral target locations — up,
down, left, or right. To fully characterize eye position as a function of time, it is then sufficient to
identify the time at which movement onset occurs, the direction of the movement, and the type of
movement — either saccade or pursuit. To control the movement type variable, we can start by
treating saccades and pursuits separately and assume each movement is identical to all others of

its type.

Inserting this model into a reach planning context enables us to study the impact of reach
planning on the signals recorded before, during, and after the eye movement. Consider a reach
planning period initiated by a peripheral cue — which can be in either the same or a different
direction from the upcoming eye movement — signaling the required end point of a center-out
reach. A visual stimulus then instructs the eye movement: for saccades, a peripheral target
appears, cuing immediate execution; for pursuits, a central fixation target drifts smoothly
outwards, prompting an immediate tracking movement. After eye movement execution, the

planning period ends, and the previously cued reach can also be executed.

The experiment that generated the data for this study, which is detailed fully in section 2.3, was
conducted in a manner substantially similar to the idealized situation described above. By
analyzing LFPs recorded during such a look-reach behavioral task, we can determine the effects
of reach planning on movement direction and onset time encoding. To accept the null hypotheses
1) and ii) identified above, there must necessarily exist frequency bands in the LFP power
spectrum that are statistically correlated with eye movement direction and onset time. Such

correlations would constitute directional tuning and temporal onset tuning, respectively. If no
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systematic modulations exist, eye movement direction and onset time cannot be reliably decoded
from spectral power. If tuning is established, and assuming an appropriately trained decoder is

implemented for each purpose, further observations should be expected:

1) We might expect that an overall direction decode rate significantly above chance
would indicate eye direction is encoded by MIP and PMd LFPs. However, this is
insufficient. For example, when a reach is planned in the same direction as eye
movement, we cannot be certain that eye direction was decoded, as opposed to
intended reach direction. To gain more insight, we can isolate cis-directional and
trans-directional trials, corresponding to trials for which eye and reach direction are
the same, and for which eye and reach direction are different, respectively. (The terms
“cis” and “trans” are Latin, meaning “on this side” and “on the other side,”
respectively.) We can further subdivide trans-directional trials into opposite and
perpendicular classes, again referring to the eye movement direction relative to the
reach direction. If MIP and PMd LFPs do encode eye direction independently of
reach direction, we should obtain above-chance decode rates for at least two of cis-
directional, opposite trans-, and perpendicular trans-directional trials. This would
imply that objective eye direction is encoded in the LFPs, not direction relative to an
intended reach. Alternatively, if eye direction is not encoded in the LFPs
independently of reach direction, we may still obtain an overall above-chance decode

rate, but due to only one type of relative eye-reach direction encoding.

i) Onset detection is more straightforward because there are no obvious temporal reach
planning features to specifically confound eye related signals at onset time.
Therefore, if decoded onset times are significantly concentrated near actual onset
times, it would be clear evidence that eye-related temporal information is encoded in

MIP and PMd LFPs.

In chapter 2 we describe the specific methodology used to test hypotheses 1) and ii). In chapter 3,
we present results that largely affirm hypotheses 1) and ii), which suggests that, to varying

extents, eye movement variables are explicitly encoded in macaque MIP and PMd LFPs.
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2. Theory and methods

In this chapter, we describe the experimental methods and present the theoretical basis of our
analysis. In sections 2.1-2.3, we review animal care and data acquisition procedures, then present
the behavioral task performed by the non-human primate subject. In section 2.4, we describe the
data analysis techniques that were used to compute spectral power of the local field potentials
(LFPs). The naive Bayes algorithm for directional decoding and the support vector machine
algorithm for onset detection are also presented. The results produced by the methods described

throughout chapter 2 are reported in chapter 3.

All data analysis performed for this study was completed using custom MATLAB scripts unless
otherwise stated (MathWorks, Inc., Natick, MA).

2.1 Animal subjects, care, and surgical procedures

All animal care and surgical procedures were performed by Dr. Sam Musallam, Dr. Greg Stacey,
and McGill University Animal Care staff. The data used for this study was collected from
electrode arrays implanted in the brain of an awake and behaving, 11.9 kg, male macaque
(Macaca Mullata). The subject was surgically fitted with an MRI-compatible head post (Rogue
Research, Montreal, QC) and trained on the behavioral task (see section 2.3) for nine months
before array implantation. The arrays were implanted in the left medial intra-parietal (MIP) and
dorsal pre-motor (PMd) areas. Brainsight MRI surgical software (Rogue Research) was used for

anatomical localization.

Left hemisphere cortical areas MIP and PMd were implanted with multi-electrode micro-arrays
(Microprobe Inc., Bethesda, MD) to obtain contralateral recordings, as the subject was trained to
reach with his right hand. The subject had four 16-channel arrays implanted in area MIP and one
32-channel array implanted in area PMd (see Figure 1A). To obtain a cross-section of depths in
the intra-parietal sulcus, electrode probes on the MIP array ranged from 1.0-9.0 mm in length.

The length of PMd probes ranged from 0.5-1.5 mm.
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All surgical procedures were conducted under sterile conditions. Intramuscular Glycopyrrolate
(dose: 0.005 mg/kg) was administered to reduce salivation, and then general anesthesia was
induced with Ketamine (dose: 10 mg/kg). Anesthesia was maintained with 1-4% isoflurane gas,
and a technician remained present to monitor the subject. For ten days post-surgery, analgesics

were administered to the subject for pain control.

Training and recording sessions did not resume until more than two weeks after surgery.
Throughout recovery and data collection, the subject’s weight and growth was monitored daily.
The monkey was pair-housed and allowed access to exercise areas, and after each completed
data collection session was given fresh fruits. All animal-related experimental procedures were
approved by the McGill Animal Care Committee and complied fully with the Canadian Council
of Animal Care guidelines [94,95].

2.2 Electrophysiology and data acquisition

All data acquisition was performed by Dr. Greg Stacey and Dr. Sam Musallam. During each
recording session, 32 channels from MIP and 16 channels from PMd, for 48 channels total, were
recorded simultaneously. A 20x Plexon head-stage initially amplified the raw signals (Plexon
Inc., TX), with measurements sampled at 40 kHz. Spikes were initially sorted online with
accompanying Plexon software, and sorting, as well as LFP processing (see 2.4.1), was
completed offline with custom software. Eye position was tracked with an infrared reflection
camera system (ISCAN, Boston, MA), while hand movement was tracked with an acoustic touch
screen that was mounted on a monitor (ELO Touch, CA). All training and data collection was
conducted in a grounded, copper Faraday cage with LabVIEW real-time software used to
coordinate experimental apparatus and recording equipment (LabVIEW RT, National

Instruments, QC).
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2.3 Behavioral task

The macaque subject was trained to complete a center-out look-reach task. He sat approximately
45 cm from the touch screen, viewing the plane of the screen along the normal direction. Three
variants of the task were conducted, with each variant labelled according to the required eye

movement: (i) saccade; (ii) pursuit; or (iii) fixation.

In each variant, the subject initiated a trial by visually fixating a central red cross target and
touching a central green circle target for 700 ms. Once initiated, a trial was aborted if the
subject’s gaze or touch moved outside an invisible 2 cm radius of the respective targets. While
maintaining the central targets, a peripheral cue was flashed for 600 ms in one of the up, down,
left, or right directions, indicating reach direction. After cue offset, a variable-length memory
period began, at which point the trial variants diverged (Figure 1B shows all target and cue

positions, and Figure 1C provides a schematic of the three trial variants):

1) For saccade trials, the central fixation target extinguished 600-800 ms after the
beginning of the memory period and reappeared 10 cm from the central target in one
of the four peripheral locations. The subject was required to make a saccadic eye
movement to the new target location while maintaining contact with the central green

touch target until the end of memory period.

i) For pursuit trials, the central fixation target began moving smoothly in one of the four
cardinal directions 700-900 ms after the beginning of memory period, ending 10 cm
away at the corresponding peripheral location. The subject was required to track the
target with a pursuit eye movement while maintaining contact with the central green
touch target until the end of memory period. The duration of each pursuit movement

was approximately 1250 ms.

1i1) For fixation trials, the subject was required to maintain gaze on the central fixation
target and keep his finger on the central touch target until the end of memory period.

Fixation trials were not used for this thesis.
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For saccade and pursuit trials, memory period ended 200-700 ms after eye movement
completion, at which time the central touch target was extinguished before reappearing at the
peripheral location specified by the earlier direction cue. The subject was required to complete a
reach to the new peripheral target location, 7 cm from the central target, while maintaining
fixation on the visual target. If all steps were completed successfully, the trial ended with the
subject receiving a juice reward. He could immediately start the next trial by once again fixating

and touching the central targets.

Schedules for the variants were set before recording. For some sessions the variant order was not
chosen randomly, so many trials of a single variant could occur successively. However, the
subject could never be certain about the variant or movement directions before partaking in the
trial. Each session included at least 20 successful trials corresponding to each of the three
variants and each of the four reach directions, for a total of at least 240 trials. In sessions M645
and M245 all eye movements were cis-directional — made in the reach direction — while in
sessions M246, M456, and M256, both cis-directional and trans-directional eye movements —
made to a different direction than the reach — were performed. Accordingly, we defined sessions
M645 and M245 as exclusive data sets, and M246, M456, M256, as inclusive data sets. Both
saccade and pursuit trials were used, but treated separately throughout this study. Fixation trials

were not used.

2.4 Data analysis

2.4.1 Data pre-processing

Extracting LFP spectral power — our candidate control signal — from the recordings required
several processing steps. The micro-electrode arrays recorded potential signals featuring a
combination of high frequency activity — including spikes from nearby neuron units — and lower
frequency activity, primarily constituting the LFP signal. To isolate the LFP from each of the 32

MIP and 16 PMd channels of each session, we low-pass filtered the raw potential signals using a
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first-order Butterworth filter with a 500 Hz cut-off frequency. The signals were then down-
sampled to 1000 Hz, such that the resulting LFP had millisecond resolution. Figure 2A shows a

single-channel LFP from MIP obtained during a cis-directional, rightward saccade trial.

We aligned the trials so time ¢ = 0 ms coincided with eye movement onset for saccade and
pursuit trials. Because several task epochs, such as memory period and eye movement execution,
had varying durations on a trial-by-trial basis, the timing of cue onsets and reach executions were
not aligned across trials. However, due to our primary focus on the relatively short time interval
around eye movement onset, such misalignments should have a negligible impact on the results.
Eye movement onset times were extracted from the infrared camera eye-tracking data using a
custom script and were manually verified to ensure accuracy. Similarly, reach timing and cue
onset and offset times were recorded by and obtained from the touch screen and LabVIEW real-

time software.

2.4.2 Multi-taper analysis

To obtain a power spectrum from a stochastic, stationary LFP time series, x(t), of length N and
temporal resolution At, one can directly compute the discrete Fourier transform, X (f), to
estimate the spectral content around a frequency f. The power spectral density, S(f), can then be

estimated directly from the transform:
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However, due to changes in external stimulus and the subject’s cognitive and physical state,
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obtaining a stationary signal from a pertinent brain area over the duration of a trial is unlikely
[34,96]. Since we are interested in the temporal dynamics of the LFP, having a stationary signal

would also be undesirable. Instead, we treat the underlying probability distributions as dynamic
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and estimate the spectral power accordingly. To do this, we assume the time series is stationary
on a shorter time scale and compute the power spectrum on data within a sliding window. This
technique is broadly known as a short-time Fourier transform, and multi-taper analysis is often
used to obtain a time-frequency spectrogram — spectral power as a function of time — for neural

data [11,31,34,35].

Multi-taper analysis is popular for neuroscience applications because it provides a bias reduction
technique for spectral estimates on a single-trial basis (see [34] for a more thorough coverage).
Specifically, the windowed data signal is multiplied by K pair-wise orthogonal tapers before
applying the Fourier transform to each one. This results in K statistically independent estimates
of the frequency domain signal. The power spectrum can then be estimated from each one
individually before averaging to obtain a single estimate, thus minimizing the impact of a noisy
LFP. The set of tapers used in multi-taper analysis are generally the first K members of the
Slepian, or discrete prolate spheroidal, sequences. The Slepian tapers are the optimal solution for
maximizing spectral concentration in the main lobe — the frequency band [—W, W] Hz, where
2W 1is the resolution bandwidth and W must be less than the Nyquist frequency — while
minimizing spectral leakage in the side lobes. To maintain the statistical independence of the
spectral estimates, a maximum of K = 2ZNW At — 1 tapers can be used, where N is now the
length of the windowed data. In summary, letting %,,, (t) be the windowed time signal of length

N, corresponding to the m-th window,
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where X, (f) is the k-th frequency domain estimate of the m-th window of the time series, and

h(® is the k-th Slepian sequence. Then the power spectrum estimate for window m is
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and any further spectral analysis can occur as in the case of a simple Fourier transform. In order
to produce a time-frequency spectrogram, the m windowed power spectrum estimates — which
overlap when the sliding window step size is shorter than the windows — can be treated as
columns in a matrix, corresponding to times within the trial, and each row then corresponds to a

frequency bin.

For this work, we produced multi-taper spectrograms, as described above, using the cohgramc
command from the Chronux toolbox [97,98]. After conducting a preliminary cross-validation,
we selected 300 ms window length, 25 ms step size, and K = 7 tapers as parameters to balance
the trade-off between noise reduction and obtaining sufficient spectral and temporal resolution.
Following the example of similar studies, we computed the logarithmic power, rather than using
linear power estimates, and then averaged the spectrogram for each trial across bins to to create
13 broader frequency bands: approximately, 0-5 Hz, 5-15 Hz, 15-25 Hz, ..., 95-105 Hz, 105-125
Hz, and 125-150 Hz. Despite some conflicting evidence [99], previous studies have attained
good results by assuming band-averaged LFP log-power estimates are independent and normally
distributed when drawn from the same relative time across many trials [31,91,100]; statistical
techniques — such as ANOVA and naive Bayes classifiers (see 2.4.3 and 2.4.5) — that rely on an
underlying Gaussian process have proven effective, even with small violations of the
assumptions. Figure 2B shows an example log-power spectrogram corresponding to the single
MIP channel LFP of the cis-directional, rightward saccade trial in panel A. Panel C shows the
across-trial average spectrogram for all cis-directional, rightward saccades from session M645.
The time axis values refer to the end of the data windows used to estimate spectral power. This
standard was maintained throughout the analysis and ensured all power estimates were causal —

influenced only by data recorded before or at the time reported.

2.4.3 Analysis of variance

Analysis of variance — commonly known as ANOVA — is a statistical tool used to study the
variation of a continuous random response variable given the label of at least one discrete

classification variable. It is a powerful and broad technique that we do not require in its full
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generality. As such, we narrow our focus to the case of a single classification or grouping
variable that can take a finite number of possible realizations. This is called one-way fixed-
effects ANOVA [101], although we simply refer to it as ANOVA. One-way refers to the single
grouping variable, while fixed-effects refers to that variable’s set of discrete and finite outcomes.

See [101] or [102] for a more general treatment.

ANOVA extends the Student #-test so a classification variable with more than two outcomes can
be analyzed. Specifically, it tests the null hypothesis that the population mean of the continuous
response variable, s, is identical given any specified class of the grouping variable, y. If the
mean of any group is significantly different from the population mean, the null hypothesis is

rejected.

ANOVA is based on three important assumptions [101,103]: 1) observations are mutually
independent; ii) measurements are comprised of the population mean plus a group mean plus
random Gaussian error, such that the measurements of each group are normally distributed; and
ii1) the normal distribution driving the errors has the same zero-mean, ¢ variance for every
value of y, regardless of the fixed-effects properties (i.e. the group mean). While these
assumptions are critical to the theoretical underpinnings of ANOVA, there is substantial

evidence that small violations do not significantly degrade performance (e.g. [104,105]).

The actual computation in ANOVA begins with the idea that the total sum of squares, TSS, of

the difference between each measurement, s;;, and the population mean, § — where i indexes the

JE)
measurement number and j denotes its group — is partitioned between within-group variation,
WSS, and between-group variation, BSS. That is TSS = WSS + BSS. We can write this formally

as
PDICECEDWITELIERICERS @
Lo i 7

where §; is the mean value of group j, and n; is the number of examples from that group. An F-

statistic can then be computed as the quotient of mean between-group and within-group
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variations. The key to ANOVA is that, because of assumption ii) and iii) in particular, this F-
statistic is distributed according to an F-distribution with (k — 1,n — k) degrees of freedom (see
[106]), where k is the number of classes and n is the total number of examples. A larger value of
the statistic corresponds to a higher probability that at least one of the group means is

significantly different from the others. Specifically,

BSS /k . (5)

F= W ~Fy_1n-k-
—k

Finally, a p-value can be computed by inspecting the cumulative F-distribution, CDFg, such that
p = 1 — CDFr(F). That is, the p-value is the probability of observing an F-statistic greater than
or equal to the one observed. Therefore, by comparing p to a pre-selected threshold, &, ANOVA
rejects the null hypothesis if p < a. Common threshold levels are « = 0.05 or « = 0.01.

2.4.4 ANOVA for direction classification

We followed a similar ANOVA procedure to Hwang and Andersen [100], with band-averaged
LFP log-power as the response variable, and eye movement direction (left, right, up, and down)

as the grouping variable.

We studied four intervals near the time of eye movement onset — T1, T2, T3, and T4,
corresponding to reach-memory, pre-onset, peri-onset, and post-onset periods, respectively (see
Table 1 for full description) — and repeated the procedure separately at each time for all
frequency bands in all channels. Figure 2D shows a visual representation of the relative T1-T4
period locations. These intervals were chosen to help dissociate the effects of reach planning
from eye movement direction encoding. Since T1 occurred before the eye movement was cued,
any spectral power modulations that varied systematically with eye movement direction — which
we call directional tuning — would necessarily be due to correlations between intended reach
direction and eye movement direction. T2 was centered at after eye movement was cued, and T3

was centered at eye movement onset. Therefore, directional tuning detected by ANOVA could
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Table 1: Description of time periods studied for eye movement direction classification.

Period Period Time rel. eye Description of time period

label name movement onset

Tl Reach- (-650, -350] ms  Occurred during memory period; finished before
memory eye movement was cued

T2 Pre-onset  (-300, 0] ms Centered in period after eye movement was cued;

last data window prior to eye movement onset

T3 Peri-onset  (-150, 150l ms  Centered at eye movement onset; captured end of
movement planning and beginning of execution

T4 Post-onset (25, 325] ms Began post-onset, near time of saccade completion;
pursuit execution continued throughout

be due to the change in visual stimulus, especially for T2, movement planning and onset,
especially for T3, along with the same correlations as T1. In addition to the eye-reach direction
correlations, tuning detected during T4, which occurred after movement onset, could be related
to the new eye position — objectively or relative to hand position [31,59] — and for pursuits, could

be related to the ongoing eye movement planning and execution.

For each period, we concluded that spectral power signal was directionally tuned in a given
frequency band of a channel if ANOVA rejected the null hypothesis, that the mean spectral
power corresponding to each eye movement direction is identical, with 95% confidence (p <
0.05). If the null hypothesis was not rejected, we concluded the group means were identical and

that predictive directional information could not be obtained from the power estimate in that
band.

For implementation, we used the MATLAB anoval function in combination with leave-one-out
cross validation [103]. For a given test trial, all trials from the session, except the test trial, were
used as ANOVA input. The process was repeated until all trials were left out as the test trial.
Tuning information obtained with a given left out trial could then be used for predictive

classification without biasing the results, as described in 2.4.5.
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2.4.5 Naive Bayes classifier

We used a naive Bayes classifier (NBC) to predict saccade and pursuit movement direction with
data recorded during T1, T2, T3, and T4. An NBC is trained on a set of n examples — feature
vectors of attributes, (xq, X3, ..., X;n), corresponding to a given grouping label, d € D, where D is
a discrete and finite set. The attributes, s;, can be continuous- or discrete-valued, and are treated
as random variables. Given a test vector, (Sq, S, ..., Sy ), the NBC returns the maximum a
posteriori (MAP) grouping label, dyap, under some simplifying assumptions. Beginning with

the definition and then directly applying Bayes rule

dyap = argmax P(d|sq,S2, ) Sm) (6)

Car maXP(sl, Sy, ey Sm|A)P(d)
LR P(S1,S2, ) Sm)

= argmax P(s1,S2, -, S, |d)P(A),

where the final equality holds because the denominator is independent of class label.

P(sy, S5, ..., Spm|d) is the likelihood of the observed attributes given the class, and P(d) is the
prior probability distribution for class d. Assuming |D]| is relatively small, the priors for each d €
D can be estimated from how frequently they appear in a moderately sized training set;
alternatively, the user can demand uniform or other problem-specific priors. However, for even a
moderate value of m, obtaining accurate likelihood estimates by counting training set
appearances, over the range of each s; and for each element of D, would require a prohibitive

number of training examples.

To circumvent this issue, the NBC makes a strong assumption that each s; is conditionally
independent of s; for all { # j given the class label [93]. This means the likelihood can be written

as a product of marginal distributions, which greatly reduces the dimensionality of the required

distribution estimation:
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drap = argmax P(d) HP(siId)- Y
L

At this point, a number of approaches can be taken to estimate the m|D| conditional probability
distributions of the individual attributes, depending on the variable types. If the attributes are
primarily discrete variables with a small number of possible outcomes, sufficiently accurate
estimates could be determined by directly counting relevant frequencies in the training set.
Conversely, if the underlying distributions that govern the attributes are known, the training set

can be used to compute corresponding sufficient statistics.

For this study, the attributes were band-averaged log-power estimates corresponding to the
directionally tuned frequency bands of each channel — as determined by the ANOVA procedure
described in 2.4.4. Once all tuned bands were identified for each channel (p < 0.05), we selected
the 12 channels (out of 32 for MIP and out of 16 for PMd) with the highest number of tuned
bands to use for classification. This standard enabled us to systematically limit the training set
size for computational efficiency, while avoiding the most uninformative channels. Further, we
reasoned that a channel with more tuned bands would likely have a smaller fraction of spuriously
bands, mistakenly identified as tuned due to outliers or coincidental correlations in the training
set. Conversely, this logic implies that fair comparisons between areas MIP and PMd cannot be
made; if we assume the amount of MIP and PMd channel information were drawn from the same
distribution — meaning the expected information of a single MIP and a single PMd channel
would be the same — and assume channels with more tuned bands are more informative, then the
MIP channels we selected would be drawn from only the top half of the distribution, while the

PMd channels would be drawn from the top three quarters.

The grouping labels for the feature vectors were eye movement directions, such that
D = {up,down, left,right}. Since we considered 13 frequency bands and used 12 channels for
each test trial classification, m could take a maximum value of 13x12 = 156. Due to the

potentially large number m|D|, and because the log-power estimates were continuous-valued, it

was not feasible to directly estimate the likelihoods in (7) from the training set.
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Instead, we assumed that each estimate was drawn from a univariate normal distribution, which
is the same assumption required by ANOVA. To characterize the distributions, it was therefore
sufficient to compute the sample mean, fi;4, and variance, 3\2“1, for the i-th channel-band, i €
{1, ... ,m}, and the d-th direction label. Then, given a test attribute vector, (Sq, Sz, ..., Sm),

corresponding to an unknown eye movement direction, the NBC MAP label was

. 1 S; — fig)? 8
dyap = argmax P(d) | |(27Tazid)_5exp (- Bz M)y ®)
deb . ZO'Zid
L

For implementation, we used the MATLAB Naive Bayes class [107]. Treating 3-tuple
combinations of saccades and pursuits, MIP and PMd, and cis and trans trials separately, we
randomly selected the greater of 100 or three quarters of all relevant trials as the NBC training
set. Using the directionally tuned channels (p < 0.05; ANOVA) for the corresponding test trial,
we separately obtained eye movement direction predictions at each of the four intervals. With
each trial in the session acting as the test trial, we repeated the NBC classification 1000 times,
drawing a new training set, with replacement, after each iteration. We used the case resampling

basic bootstrap method to compute confidence intervals [108].

2.4.6 ANOVA for onset detection

We now review methods for eye movement onset detection. To our knowledge, no previous
studies have decoded movement onset time from cortical LFPs. Since there are accordingly few
standardized procedures, we proposed and implemented a methodology that mirrors the direction
classification techniques described in 2.4.4 and 2.4.5. To determine which frequency bands were
modulated by an imminent eye movement, we again used one-way fixed-effects ANOVA. The
mathematical basis for the technique is exactly as described in 2.4.3, but adjustments were

required for application.

For direction classification, all times in each trial were described by a single grouping label; for

onset detection, it was necessary to differentiate times near eye movement onset from all other

40



times. To do this, we considered a 1 second interval in each trial, from 900 ms before saccade or
pursuit onset, to 100 ms after onset. Next, we defined a binary grouping variable y, such that y =
—1 for any window of data that ended in the [-900, 0) ms pre-onset period; this constituted the
null hypothesis that no movement onset had occurred. Alternatively, rejection of the null
hypothesis, y = 1, corresponded to any window of data that ended in the [0, 100] ms onset
period. Due to data alignment and 25 ms sliding window step size, the pre-onset period
corresponded to 36 negatively labeled windows, and the onset period to 5 positively labeled
windows, per trial. Table 2A summarizes the period and label descriptions, and Figure 2E
provides a visual representation of the pre-onset and onset periods. Note that the 300 ms window
length means all windows in the onset period were centered 50 ms or more before movement
onset. In general, using later windows for detection could improve results, but the increased lag

between movement onset and time of detection would reduce the detector’s utility.

We used ANOVA to determine which frequency bands demonstrated consistent spectral power
modulation in the onset period relative to the pre-onset period. Input was, therefore, comprised
of appropriately labeled log-power estimates from the pre-onset and onset periods of training
trials. To limit the impact of non-stationarity within the pre-onset and onset periods, we further
constrained the input by only using estimates from 50 ms subintervals. In particular, we took the
average of log-power estimates from the three data windows ending in the [-150, -100] ms
subinterval and from the three windows ending in the [50, 100] ms subinterval. For each trial, the
former average value was the single negatively labeled input and the latter average value was the
single positively labeled input. By using the averaged value of three estimates from each interval,
we obtained some protection against noise while simultaneously limiting the effect of the log-
power dynamics over the course of a full second. The relative subinterval locations ensured there
was enough time for true modulations to manifest. The subintervals were also close enough to
maintain confidence that observed changes resulted from movement planning and execution, not
a confounding variable. Finally, we reasoned that, due to task related differences, log-power

estimates from early in the pre-onset period should be relatively dissimilar to onset period
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Table 2: A) Description of time intervals studied for eye movement onset detection.

Period Time rel. eye Classification Period description
name movement onset label
Pre-onset [-900, 0) ms y=-1 Reach direction cue offset, memory period,

and eye movement cue/planning

Onset [0, 100] ms y=1 Saccade onset and completion; pursuit
onset and early stage of movement

B) Description of confusion matrix elements for eye movement onset detection (Note: The
logical == operator returns 1 if operands are equal, 0 otherwise).

Element Counts per trial Notes

label

TP max{ y(t) == 1|t € [0,100] ms } One TP occurs iff at least one positive
detection during onset period, else
zZero

FN 1 —max{y(t) ==1|t €[0,100lms} One FN occurs iff no positive
detection made during onset period,
else zero

FP sum{ y(t) == 1|t € [-900,0) ms } One FP for every positive detection

during pre-onset period

TN sum{ y(t) == —1|t € [-900,0) ms}  One TN for every negative
classification during pre-onset period

estimates. For our overarching goal of onset detection, it was therefore more important to
compare the late pre-onset period — rather than the entire [-900, 0) ms interval — to the onset

period.

Through this ANOVA framework, coupled with the same leave-one-out procedure described at
the end of 2.4.4, we obtained temporal tuning information for the SVM eye movement detection
algorithm described in 2.4.7. Specifically, we determined the significantly onset-tuned frequency
bands, with p < a, for each channel. The threshold, a, was selected with a parameter

optimization grid search, as detailed in 2.4.8.
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2.4.7 Support vector machine

To detect saccade and pursuit onset, we used a support vector machine to perform binary
classification. We maintained the data-window labels given in Table 2A; the SVM objective
was, therefore, to classify data from the [-900 ms, 0 ms) pre-onset period of the test trial as y =

—1 and data from the [0 ms, 100 ms] onset period as y = 1.

In general, SVM classification works by optimizing a vector, w, using a set of binary-labelled
training examples. The w vector defines a hyperplane that aims to separate the two classes in an
optimal way. When the two classes are separable — such that there exists a hyperplane which
keeps all negative, y = —1, and positive, y = 1, examples on opposite sides — the closest
example from each class to the hyperplane defines a margin, M. The optimal way in which the
SVM separates the training examples is by maximizing M [109]. Thus, the SVM optimization

task 1s
max(M) <y; = yi(i- %) Vi, ©)
w

where x; is a training data vector, y; is the corresponding label, and y; is the distance of the i-th
training example from the hyperplane boundary. Each x; is padded with a leading one such that
the first term of the inner product is a bias offset. Note that if w is an optimal solution, so too

is kw for any k > 0. This means we can further constrain the problem such that ||w||M = 1, and

we can thus reformulate the problem in terms of minimizing ||w||, or equivalently, ||w]|?.

In the case of data that cannot be linearly separated by a hyperplane, Cortes and Vapnik
proposed a “soft margin” adjustment [110]. With a soft margin, training examples that are
misclassified or lie within the margin are allowed, but get penalized. The SVM framework also
supports more general transformations of the data in terms of feature vectors, ¢(x;). The

problem can thus be restated as
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sl s 31}

subject to the constraints
yi(w. d)(xl)) >1- Ei ) Ei = 0' VL,

where C is a constant parameter that moderates the penalty for soft errors, and ¢; is the soft error,
such that 0 < &; < 1 if the data point falls inside the margin, &; > 1 if the point is misclassified,
and &; = 0 otherwise. C can also be viewed as an overfitting control parameter — by heavily
penalizing misclassifications, the optimization focuses on fitting all training examples; by
reducing the penalty, a boundary that is less specific to the given training examples can be
obtained, and may generalize better to unseen cases. The examples that are either misclassified

or that define the classification boundary are collectively called support vectors.

The formulation presented in (10) is called the primal form and is relatively intuitive. However,
it can be computationally expensive depending on factors like feature vector complexity and
magnitude of the misclassification penalty. This can be partially mitigated by instead solving the
dual problem. The dual is achieved by rewriting the primal form as a generalized Lagrangian and
imposing the Karush-Kuhn-Tucker (KKT) conditions [111]. The KKT conditions extend the
Lagrange multiplier technique to support inequality constraints. Next, w is written in terms of a
linear combination of parameters, a; — which are introduced by the Lagrangian — the feature
vectors, ¢p(x;), and the class labels, y;. Finally, the “kernel trick,” first proposed by Aizerman
and collaborators in [112], is employed by replacing all inner product computations with a kernel
function. A kernel function provides an alternate expression of inner products in some feature
space, K(x,z) = ¢p(x) - ¢(z), and the computations can often be done in a lower complexity

class.
By applying the kernel trick to SVMs, several classes of decision boundaries can be conveniently
investigated. Common kernel choices include linear, polynomial, and radial basis functions

(RBF) [109].
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After a preliminary inspection of the data and cross-validation over kernel functions, we chose to

use the RBF, or Gaussian, kernel for this study:

_ 2
K(x,z) = exp (—u> (11)

202

We implemented the SVM with RBF kernel using the MATLAB fitcsvm function [113]. The
function uses training set subsampling to optimize the width parameter o, but selection of the
soft margin parameter, C, and prior class probabilities were still required. Choosing a prior
different from 0.5 for each class is equivalent to biasing the classification boundary; due to our
problem construction with approximately 90% of data coming from the pre-onset period, we
chose 0.9 and 0.1 as prior probabilities for the negative and positive classes, respectively. To
select the optimal value of C, along with the ANOVA threshold, a, we used the grid search
described in 2.4.8. Once optimal parameters were selected, the temporally tuned frequency bands
from each trial were identified. Like in 2.4.5, we used the 12 channels with the most tuned bands
for the simulation. Using these 12 bands, one log-power feature vector was constructed for each
time in the pre-onset and onset periods. The vector elements corresponded to the tuned frequency
bands across all 12 channels. Therefore, the test trial and each training trial produced 36 feature
vectors from the negative class and 5 feature vectors from the positive class. We used simple
leave-one-out cross-validation on trials from the testing set — defined in 2.4.8 — for the SVM
onset detection simulations. Confidence intervals were computed with the Clopper-Pearson

method.

2.4.8 Parameter optimization

To select the soft margin constant, C, and ANOVA threshold, a, we required a way to determine
which parameter pair corresponded to the optimal SVM classifier. Given the nature of the
detection task, we first defined the confusion matrix elements on a single trial level. We counted

one true positive (TP) for a test trial if one or more positive classifications (true detections) was
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made during the onset period, with no penalty for negative classifications (missed detections).
We counted one false negative (FN) if there were only missed detections during the onset period.
During the pre-onset period, every positive classification was counted as a false positive (FP)
and every negative classification was counted as a true negative (TN). These definitions are

summarized in Table 2B.

Because we should ideally expect many TNs and a maximum of one TP over a single trial, a
simple metric like accuracy is insufficient. For example, naively making a negative classification
at every time step would result in only one misclassification, and thus a high accuracy. However,
this technique provides no insight into the dynamics of the problem. Instead, we computed the
Matthews correlation coefficient (M CC) using the cumulative confusion matrix across all test

trials:

B TPXTN — FPXFN
J(@TP +FP)(TP + FN)(TN + FP)(TN + FN)

Mcc (12)

It therefore takes a value in the real interval [—1, 1], where MCC = 1 means there were no FPs
and no FNs, MCC = 0 suggests random guessing or repeatedly selecting a single class with
probability one, and MCC = —1 corresponds to observing only FPs and FNs. Note that in the
case of any factor in the denominator being zero, MCC is defined to be zero. An in-depth

evaluation of its efficacy is performed in [114].

As a scalar statistic, the MCC provided a natural order on classifier effectiveness for different
outcomes due to different parameter values. We used the MCC as an objective function to
maximize during a grid search over plausible values of C and a. For each dataset, we used the
greater of 40 or the first half of relevant trials as the optimization set for the grid search. The
remaining trials from the dataset were set aside as a testing set. Within the optimization set, we
applied leave-one-out cross validation, such that the 41 times in the pre-onset and onset periods
of each trial were all classified. The cumulative TP, TN, FP, and FN counts for each pair of

parameters was then used for computing the MCC according to (12), and the values that
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maximized the statistic were used for simulating the testing set trials. The results reported in

subsection 3.2.2 are based only on test trials from the testing set.
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3. Results

In chapter 3, we report the results obtained from implementation of the methods described in
chapter 2. Section 3.1 is related to eye movement direction decoding, with 3.1.1 focused on
directional tuning in the frequency bands and 3.1.2 focused on movement direction decoding
using the naive Bayes classifier (NBC). Section 3.2 is related to detecting eye movement onset
time, with frequency band temporal tuning results reported in 3.2.1 and support vector machine

(SVM) onset decoding reported in 3.2.2.

3.1 Decoding eye movement direction

Recall that for both saccades and pursuits, we defined two types of trials: cis-directional trials, in
which eye movement was made to the same direction as the planned reach, and trans-directional
trials, in which eye movement was made to one of the three other directions. Accordingly, we
differentiated exclusive datasets M645 and M245, which contained only cis-directional trials,
from inclusive datasets M246, M456, and M256, which contained both cis- and trans-directional
trials. These distinctions, which are referenced throughout 3.1.1 and 3.1.2, enabled us to isolate
the effects of reach planning and eye movement direction encoding on the local field potential

(LFP) spectral power, as described in 2.4.4 and 2.4.5.

3.1.1 Directional tuning for eye movements in areas MIP and PMd

We first identified the frequency bands in each channel that exhibited direction-specific
responses, or tuning, for saccades and pursuits. Tuning was determined by using a one-way
fixed-effects ANOVA (see 2.4.3-2.4.4) to test for equality of mean spectral power across
directions. A channel was considered directionally tuned in a frequency band if ANOVA yielded
a p-value p < 0.05. Figure 3 illustrates two examples of significantly tuned bands. The left
panels of Figs 3A and 3B show log-power estimates from the 105-125 Hz band of channel 1 and
the 45-55 Hz band of channel 17, respectively, during the peri-onset period (T3) of saccade trials
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in session M645. Each data-point corresponds to a single trial, with the colored markers
indicating saccade direction, as labeled. The right panels provide tuning curves for each band, in
the form of the mean log-powers for each direction, plus or minus standard deviation. According
to ANOVA, the 105-125 Hz band of channel 1 was the most statistically significantly tuned band
across all channels in the session, with p = 2.8x1077. Meanwhile, the 45-55 Hz band of channel
17 narrowly achieved the threshold to be considered significantly tuned, with p = 0.040. In both
bands, there were many overlapping data-points between all saccade directions. This indicates
the general difficulty of decoding eye movement direction and drawing strong conclusions from

tuning results.

With this context in mind, we examined the significantly tuned frequency bands. Figure 4 shows
histograms of significantly tuned channels, binned by frequency band, from the pooled set of 64
MIP and 32 PMd channels in the exclusive datasets. The columns, from left to right, correspond
to the reach-memory period (T1), pre-onset period (T2), peri-onset period (T3), and post-onset
period (T4); the rows, from top to bottom, correspond to saccades with MIP data, saccades with
PMd data, pursuits with MIP data, and pursuits with PMd data. Because there were only cis trials
in this data, a fixed relation existed between eye movement and planned reach direction, and
since T1 occurred before eye movement was prompted, we suggest that tuned channels during

T1 should be attributed to reach planning.

Relative to T1, there was generally a higher fraction of tuned channels in bands above 15 Hz
during periods T2-T4. As such, the gained channels may have been derived from eye movement
planning and execution. The largest increases tended to occur in the 25-75 Hz range in all four
cases (rows of Fig 4). For MIP and PMd saccades, these increases appeared in T2 and T3, while
for pursuits, they did not manifest as strongly until T3. The discrete and obvious change in
fixation target position for saccades, as opposed to the initially small, smooth, and thus harder to
detect, change in target position for pursuits, may have caused this difference. However, we
cannot be certain from these results that eye movement direction is encoded in MIP or PMd at

all. Rather, changes in the distributions could have resulted from ongoing reach planning.
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Figure 5 presents similar histograms using data from the inclusive data sets, and better allows us
to dissociate eye movement direction from planned reach direction. In all panels, the lighter
colored bars correspond to cis trials, and the darker colored bars to trans trials. We do not
include trans results for T1 because of the uncertain relation between eye movement and reach
directions; since eye movements and reaches were made to different directions in trans trials, any
detected tuning would necessarily have been spurious. For saccades in periods T2 and T3, the
fractions of tuned channels for cis and trans trials were very similar. After saccade execution, in
T4, the trans fractions remained largely unchanged. Meanwhile, the cis fractions grew larger than
the trans fractions in all MIP and PMd bands, and the fractions generally increased relative to the
T1-T3 cis distributions as well. While the existence of tuned channels for trans saccades suggests
LFP spectral power in MIP and PMd does encode the eye movement direction — since the reach
to a different direction was unlikely to falsely imply tuning — it remains unclear whether the

tuned channels for cis trials were actually caused by the saccades.

For pursuits, the MIP and PMd cis distributions presented in Figure 5 qualitatively matched the
corresponding distributions shown in Figure 4, across all time periods. However, a stark contrast
appeared between cis and trans pursuits in the 0-35 Hz frequency range of periods T2-T4 (Fig 5,
cols 2-4, rows 3-4). In T2, 27.1% of MIP channels were tuned in both the 0-5 Hz and 5-15 Hz
bands, while 37.5% and 31.3% of channels were tuned in the same PMd bands. For cis trials, just
1.0% and 5.2% of MIP channels, and 0.0%, and 5.2% of PMd channels were tuned in the 0-5 Hz
and 5-15 Hz bands. Notably, the opposite case arose for the 15-25 Hz and 25-35 Hz bands: 2.1%
of MIP channels were tuned in each band for trans trials, as opposed to 15.6% and 24.0% for cis
trials. In PMd, 0.0% and 18.8% were tuned for trans compared to 43.8% and 35.4% for cis (all
percentages relative to the total of 96 MIP and 48 PMd channels used across the pooled inclusive
data sets). The same phenomenon persisted through periods T3 and T4 as well. Overall, this 0-15
Hz tuning strongly suggests the existence of a role for MIP and PMd spectral power in
determining, or at least having knowledge of, pursuit trajectory. The non-zero fraction of
significantly tuned bands, across almost all 0-150 Hz frequencies, for trans saccades and pursuits

provides additional evidence.
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3.1.2 Predicting movement direction with naive Bayes classifier

To more concretely verify that directional information is encoded in MIP and PMd LFPs, we
used the log-power estimates from significantly tuned bands to decode eye movement direction.
For each combination of trial type (cis or trans), movement type (saccade or pursuit), and cortical
area (MIP or PMd) we trained a separate NBC, as described in 2.4.5. Figures 6 and 7 show the
fraction of correctly decoded saccade and pursuit directions, respectively. For each figure, the
left column corresponds to MIP data, the right column corresponds to PMd data, and the dashed,

horizontal line marks the chance decode rate of 25%.

Panels A of Figs 6 and 7 show the pooled cis-directional decoding results from the exclusive
datasets at times T1-T4. For MIP and PMd saccades, as well as MIP pursuits, the decode rate in
the reach-memory period, T1, was not significantly different from the decode rates in either T2
or T3 at the 95% confidence level. For PMd pursuits, the T1 decode rate was actually
significantly higher than the T2-T4 decode rates. A literal interpretation then suggests — for cis-
directional pursuits from exclusive datasets — rather than decoding movement direction
immediately prior to or during execution, one should decode planned reach direction before the
cue and use the same answer. The highest decode rates for MIP and PMd saccades were
achieved during T4, but recall T4 corresponded to the (25, 325] ms interval relative to movement
onset. As such, it did not begin until near or after the end of saccade execution, which could
suggest we were primarily decoding planned reach direction in this interval. Overall, because the
exclusive dataset saccade and pursuit decode rates for periods T2-T4 were significantly above
chance, it is possible that LFP spectral power encodes eye movement direction; however, the
saccade classification rates at T1 and T4, and the pursuit classification rates at T1, suggest that
concurrent reach planning had a primary impact on the results. This is the same conclusion we

obtained from the ANOVA results shown in Fig 4.

Panels B and C of Figs 6 and 7 show pooled direction-decoding results for the inclusive data
sets. To obtain the values shown in panels B, we first trained the NBC using only cis trials. We
then separately decoded cis test trials — corresponding to the lighter colored bars — and trans test

trials — corresponding to the darker colored bars. Similarly for panels C, we trained the NBC
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using only trans trials, then separately decoded cis test trials (lighter bars) and trans test trials
(darker bars). Also note that we do not include decode rates for T1 with the trans-trained NBC
because we did not control the composition of opposite- and perpendicular-trans trials — which
refer to the relative eye movement and reach directions — in the training sets. If a large fraction of
the training set was opposite-trans trials, for example, the NBC could yield significant, but
spurious, results by consistently decoding reaches to a given direction as eye movements to the

opposite direction.

In Fig 6B, we observe that cis-trained NBC decode rates were significantly above chance for
MIP cis saccades in T3 and T4, and significantly above chance for PMd cis saccades in T1-T4
(95% confidence level). Conversely, trans saccade decode rates were significantly below chance
in all cases except for MIP at T2, where the upper confidence interval bound was exactly at
chance: 25.0%. Fig 7B shows all cis-trained NBC decode rates were significantly above chance
for MIP and PMd cis pursuits, while the upper confidence interval bound exceeded chance for
MIP trans pursuits in T3 and T4 only. Similarly, Figs 6C and 7C show that the trans-trained
NBC decoded trans saccades and pursuits above chance at the 95% confidence level for MIP and
PMd during all times T2-T4. Meanwhile, cis trials were never classified significantly above

chance, and were significantly below chance for PMd pursuits during T2.

If eye movement direction were encoded completely independently of planned reach direction —
such that an eye movement direction-specific distribution of spectral power could be consistently
observed from tuned channels, regardless of reach direction — we would expect the decode rates
for both cis and trans trials to be significantly above chance for any sufficiently large training set.
Evidently this was not the outcome, as the type of trial used for training was also decoded at a
significantly higher rate at all times T2-T4 (panels B and C of Figs 6 and 7). To account for the
possibility that intended reach direction had a multiplicative, gain field-type, effect on the log-
power response, we tried adding a normalization step to the decoding procedure, such that only
relative log-power in the tuned bands was used for decoding. However, all results remained

qualitatively similar (plots not shown).
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Because cis and trans trials were never simultaneously decoded significantly above chance, we
still could not be certain that eye movement direction is encoded in LFP spectral power during
reach planning. In particular, the above-chance decode rates for cis trials in Figs 6B and 7B
could have been driven by reach direction encoding. Similarly, the above-chance trans decode
rates in Figs 6C and 7C could have been driven by reach direction encoding that the NBC
conflated with one relative eye movement direction. However, this would require either

opposite- or perpendicular-trans trials to be decoded at an above-chance rate, but not both.

Following this logic, we explicitly categorized the trans-directional trials as either opposite or
perpendicular, referring to the relative eye movement and reach directions. Using the same
decode results as panels C of Figs 6 and 7, Figure 8 shows trans trial classification rates with the
additional categorization. Panels A-D show results for MIP saccades, PMd saccades, MIP
pursuits, and PMd pursuits, respectively, with the light colored bars corresponding to opposite-
trans trials and the dark colored bars corresponding to perpendicular-trans trials in each panel.
Both opposite- and perpendicular-trans eye movements were decoded above chance in all cases
during all times T2-T4. For opposite-trans trials, 7/12 (58.3%) cases — across brain area,
movement type and time period — were decoded significantly above chance at the 95%
confidence level, and for perpendicular-trans trials, 9/12 (75.0%) cases were decoded
significantly above chance. The simultaneous above-chance classification rates for opposite- and
perpendicular-trans trials show that objective eye movement direction was, indeed, decoded, and
not eye movement direction relative to the planned reach. Although work remains to successfully
decode cis and trans trials with the same classifier, we have presented strong evidence that MIP
and PMd LFP spectral power does independently encode eye movement direction during reach

planning.

3.2 Detecting eye movement onset

For eye movement onset detection, we no longer maintained the distinction between cis- and
trans-directional trials. We also did not differentiate between movement directions. Our goal

was, first, to determine which frequency bands in MIP and PMd were modulated by saccade and
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pursuit movement onset, and second, to determine how effectively an SVM classifier could
exploit these changes across time in LFP spectral power to identify movement onset at the
temporal resolution of a 100 ms onset period. The results for the first task are reported in 3.2.1,

and results for the second task are reported in 3.2.2.

3.2.1 Temporal tuning for eye movements in areas MIP and PMd

Following the ANOVA procedure outlined in 2.4.6, we determined which of the 13 frequency
bands were significantly temporally tuned to movement onset, such that p < a. However, the
value of a that was used for the onset detection task, reported next in 3.2.2, was optimized with a
grid search. For separate study, we used a value of @ = 0.001 to generate the plots in Figure 9.
Fig 9 displays normalized histograms of tuned channels, binned by frequency band, for saccade
and pursuit trials classified with MIP and PMd data. Since the heuristic selection of & was
somewhat arbitrary, the relative proportions of tuned channels between bands are of greater
interest than the absolute fractions. In all four cases, the highest fraction of tuned channels was in
the bands between 15-75 Hz. The mode was the 15-25 Hz band for MIP and PMd saccades, 25-
35 Hz for PMd pursuits, and 35-45 Hz for MIP pursuits. Very little tuning was present above 85
Hz for pursuits, with the fraction of tuned MIP channels falling below 20% of the mode fraction
for all such bands. For saccades, roughly 30-50% of the mode fraction remained tuned in all
bands from 85-150 Hz. It may be unsurprising that higher frequency bands were more strongly
modulated near saccade onset, relative to pursuits, since saccades are more rapid, higher
frequency movements. To ascertain the amount of temporal information actually encoded by
these bands, we applied an SVM classifier to identify the 100 ms period immediately following

movement onset.

3.2.2 Detecting movement onset with support vector machine

We performed RBF-kernelized, SVM simulations for onset detection as described in 2.4.7. The

values of « selected by the grid search ranged from roughly 1076 to 10~2 for the different data
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sets, movement types, and brain areas. These values corresponded to as few as 24 and as many as
90 input frequency bands across the 12 channels selected for decoding from MIP or PMd. After
parameter selection, we ran the classifier on a disjoint set of test trials for each data set. Recall
that for simulation of each session, we fixed the overall false positive rate to 5.0% of total
classifications made in the pre-onset period. The true negative rate was then automatically fixed
to 95.0%. By adjusting FP rate in this way, the number of positive detections in the onset period
was also adjusted, and moreover, the TP rate became the only free variable. Thus, we can

directly compare TP rates across sessions.

Figure 10A provides a visual representation of the trial-by-trial classification dynamics in the test
set of MIP saccades from M645. In the pre-onset period, red regions correspond to FPs and blue
regions to TNs. In the onset period, green regions mark TPs, and yellow regions correspond to
FNs, or missed detections. Note that the onset period for each trial is colored fully green or fully
yellow, in accordance with the definitions in Table 2B, even though five distinct classifications
were made during the interval. For this simulation, the TP rate was 54.3%, as there were 70/129
trials for which at least one onset period positive detection was made. This was significantly
higher than chance TP rate (22.6%) at the 95% confidence level (Clopper-Pearson confidence
intervals). Chance TP rate was defined as the probability that at least one positive detection
would be made during onset period by a naive classifier for which positive detection rate remains

constant for the entire trial. Then P(TN) = .95 = P(Missed Detect), and thus,

Chancerp =1 —P(FN) = 1 — P(Missed Detect)™ = .226, (13)

where n = 5 is the number of SVM classifications that were made during the onset period.

Panel B of Fig 10 shows the normalized distribution of all positive detections from the same
simulation, where all positive detections from distinct classifications during onset period are
counted individually. The positive detection counts are binned in 100 ms subintervals throughout
the pre-onset period, corresponding to four classification times; the onset period bin contains the
100 ms post-onset time, and as such includes a fifth classification time. For each bin, bar height

corresponds to its proportion of the total number of positive detections. The blue curve
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represents the cumulative proportion of positive detections at 25 ms resolution, and the dashed,
black unity line represents the expected cumulative proportion of positive detections for a naive
classifier with a 5.0% positive detection probability at all times in the pre-onset and onset
periods. As such, a greater area beneath the dashed line and above the blue curve during pre-
onset period corresponds to a more effective detector. In this case, 51.3% of total positive
detections were made in the [0, 100] ms onset interval, which comprised 5/41 (12.2%) of all
classification times. While the TP rate provides an appropriate evaluation metric for applications
in which obtaining at least one true detection in the onset period is most important, the
proportion of total true detections relative to FP count is arguably more important for revealing

the detector’s underlying behavior.

Fig 10, panels C-F each provide the same plot as B, but for pooled detection results across all
five sessions for MIP saccades, PMd saccades, MIP pursuits, and PMd pursuits, respectively. In
each case, the onset period bin possessed the largest proportion of positive detections: 42.9%,
42.3%, 37.7%, and 34.9%, with only 12.2% of all classification times. Further, the next three
largest proportions of (false) positive detections were made, in descending order, in the [-100, 0)
ms, [-200, -100) ms, and [-300, -200) ms bins. The distribution of positive detections in the
remaining, chronologically earlier bins was approximately uniform in all four cases. Combining
the final bin in the pre-onset period with onset period bin, 62.5%, 65.9%, 57.9%, and 57.4% of
positive detections were made within 100 ms of movement onset — an interval that accounts for
22.0% of all classification times. All quoted positive detection results for the onset period and for
the combined [-100, 100] ms interval are significant at the 95% confidence level (Clopper-
Pearson confidence intervals). However, as is apparent in Fig 10A, many trials for which
positive detections were made in the onset period also had false positives in the late pre-onset
period. In other words, the large proportion of positive detections made near movement onset
does not imply that the detections were distributed uniformly — or close to uniformly — across all

trials within a session.

For MIP saccades, PMd saccades, MIP pursuits, and PMd pursuits, Figure 11 shows the pooled
TP rate for trials across all sessions. Error bars denote the 95% Clopper-Pearson confidence

intervals. The pooled TP rates for all four cases were significantly above chance (22.6%, as
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derived in (13)), with respective values of 44.5%, 43.0%, 39.9%, and 36.2%. The MIP and PMd
saccade TP rates were not significantly different from each other, nor were the MIP and PMd
pursuit rates. In both MIP and PMd, the saccade TP rate was significantly higher than the pursuit

rate.
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4. Discussion

In chapter 3, we first showed that saccade and pursuit movement direction is encoded in medial
intra-parietal (MIP) and dorsal pre-motor (PMd) local field potentials (LFPs) during reach
planning. Using LFP spectral power, we also demonstrated that saccade and pursuit onset can be
decoded with a causal support vector machine (SVM) detector. In this chapter, we discuss these
results in the context of previous studies. We also analyze our methods and suggest related future

work. Section 4.1 focuses on direction decoding and section 4.2 on movement detection.

4.1 Eye movement direction decoding

To decode eye movement directions in the reach-memory (T1), pre-onset (T2), peri-onset (T3),
and post-onset (T4) periods of each trial, we first identified directionally tuned frequency bands
from the training set. Using spectral power from the tuned bands, we then applied a naive Bayes
classifier (NBC) to decode eye movement direction of the test trial in each period. We discuss
frequency band directional tuning, as determined from ANOVA, in 4.1.1, and implications of the

NBC decoding in 4.1.2.

4.1.1 Eye movement directional tuning

To our knowledge, this was the first investigation of eye movement encoding in LFPs recorded
during reach planning. Although, our capacity to directly compare results is accordingly limited,

other groups have studied similar problems.

Scherberger and collaborators recorded MIP LFPs from a macaque that was instructed to execute
either a delayed reach or a delayed saccade — but never both in the same trial [31]. During
saccade planning, the number of channels they observed with directional tuning in frequency
bands between 0-100 Hz closely resembled the distributions we observed for cis-directional

saccades during the pre- and peri-onset periods (top row of Fig 4). Notably, the distribution they
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observed during reach planning was very similar to the saccade planning distribution. This could
hint that the MIP LFPs encode a cognitive goal variable, like target location, as opposed to
movement-specific trajectories. To further endorse this point, the MIP distributions we observed
for cis-directional pursuits in exclusive sessions (third row of Fig 4), and cis- and trans-
directional saccades in inclusive sessions (top row of Fig 5), were also similar. Conversely, the
distribution for trans-directional pursuits (third row of Fig 5) featured much more tuning below
15 Hz and much less in the 15-35 Hz bands. This elevated, low frequency tuning could represent
increased coordination between cortical areas; this matches theory suggesting the brain behaves
as a low-pass filter, using high frequency oscillations to communicate locally and slower
variations to transmit across longer distances [27]. Increased coordination may have been
required since the two extended movements — pursuit and reach — were being simultaneously
planned, and were then executed in quick succession. The lack of low frequency tuning for trans-
saccades could be explained by their more rapid, and thus higher frequency, nature. In any case,
future work is required to determine whether specific frequency bands, within each channel, are

tuned for more than one of the saccade, pursuit, or reach movement types.

4.1.2 Eye movement direction decoding

We used a naive Bayes classifier to extract tuning information from the frequency bands by
decoding saccade and pursuit movement direction. Our results, reported in section 3.1.2,
demonstrated that LFP spectral power from MIP and PMd encodes both saccade and pursuit
direction during reach planning. Previous studies have also decoded eye movement direction
from areas MIP and PMd using a naive Bayes classifier [31,91]. A recent study by Freidman
demonstrated that saccade and pursuit direction, as well as pursuit trajectory, can be decoded
from the spike signal of an ensemble of MIP and PMd neurons [91]. Moreover, Freidman’s study
used the same paradigm as the present work, in which eye movements were made during a reach
planning period. Scherberger and collaborators used MIP LFP spectral power to decode saccade
direction, but no reach was planned during, nor made after, saccade execution [31]. These studies
provided the foundation for our hypothesis that eye movement direction is encoded in the LFP

during reach planning. However, since the LFP signal is primarily composed of synaptic inputs,
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while the spike signal mainly consists of pyramidal cell output, and because MIP and PMd are

reach-specific areas, it was not previously clear that such encoding exists.

The methods we used for decoding were primarily meant to establish the existence of eye
movement direction tuning that is independent of reach direction tuning in LFP spectral power.
As such, strong conclusions cannot be drawn from comparisons to other studies that aimed to
optimize decode rate. However, the difference in decode rates between our study and the
Scherberger [31] and Freidman [91] studies is notable. Scherberger and collaborators reported a
40.1% direction classification rate from their simulations of an eight target, center-out delayed
saccade task (12.5% chance). Their predictions used LFP spectral power recorded during a
saccade planning period, roughly equivalent to our T2, pre-onset period. Using spike signals
from a pre-onset period, Freidman achieved an approximately 50% direction classification rate
(20% chance; four target center-out task, plus fixation trials with no eye movement). Relative to
chance, these rates were much more significant than the MIP saccade decode rates we achieved
with simulations of either the exclusive or inclusive datasets. The contrast with the Scherberger
results could indicate that the simultaneous reach planning partially obfuscates the eye
movement direction tuning. This would not be surprising, given central the role of MIP as a
reach area. The discrepancy with the Freidman results could be due to superior spatial resolution
attainable by from the spikes of individual neurons. While a number of neurons may be encoding
eye movement direction, the summative and less spatially concentrated LFP could be
overwhelmed by a larger fraction of neurons encoding reach movement direction, or other reach
variables. The same effects would likely be present in PMd, given its similar functional role and

the comparable decode rates we achieved for saccades and pursuits.

Significant modifications to the NBC algorithm (2.4.4-2.4.5) are required to maximize the eye
movement direction decode rate. Most simply, a parameter selection and cross-validation pre-
processing step — similar to the one described in 2.4.8 for the onset detector — to determine an
optimal ANOVA p-value threshold could be added. This would provide an empirical method for
the balancing the trade-off between information quality and quantity from frequency bands to be
used for decoding. Figure 3 provides an example of this balance. The tuning curve for the first

frequency band (plot A, right panel) — 105-125 Hz, channel 1 — suggests it was highly
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informative regarding whether a given saccade was made in the upward direction. Conversely,
the tuning curve for the second band (plot B, right panel) — 45-55 Hz, channel 17 — suggests it
was much less informative, as the mean power for each direction fell within the standard
deviation of the mean for every other direction. Over a large number of trials, the second band
could still provide statistically significant tuning information, but it may not be helpful for
accurate decoding on a single-trial basis. Applying a more sophisticated classifier than the NBC
would likely help decoding efficiency as well. While not as entrenched in the literature, recent
studies have shown that SVMs, artificial neural nets, and other modern learning algorithms have
modestly outperformed the naive Bayes in similar decoding tasks [115,116]. Finally, decoding
could likely be improved with the inclusion of more input data. For mainly computational
reasons, we limited each simulation to 12 input channels, exclusively from either MIP or PMd.
However, other studies have shown improved decoding by increasing the number of input
channels [117], using channels recorded simultaneously from different locations (i.e. MIP and
PMd) [15], and using spike and LFP data together [11,118]. Since we have established that eye
movement direction is encoded in MIP and PMd LFP spectral power, improvements like these
will be necessary to better gauge the utility of the encoding, and to attain a level of accuracy that

could be useful for a clinical prosthetic system.

4.2 Eye movement onset detection

The second objective of this study was to develop and implement a strategy for detecting eye
movement onset time from LFP spectral power in MIP and PMd. In an MIP LFP reach-
prosthetic study [119], Hwang and Andersen exploited strong and consistent modulations in low-
frequency spectral power to detect arm movement onset. By comparing a difference in the time-
derivative of power in two frequency bands, they created a threshold-based “Go” signal.
Unfortunately, no such strong and consistent modulations exist for eye movement onset, as is
apparent from Figure 2C. Therefore, we proposed and implemented a more general approach for

eye movement onset detection, as detailed in 2.4.6-2.4.8.
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4.2.1 Eye movement temporal tuning

We first used ANOVA to identify frequency bands in the LFP spectral power that were
modulated by eye movement onset. Previous studies of posterior parietal cortex (PPC) LFP
temporal dynamics during saccade tasks reported findings that overlap with ours. Scherberger
and collaborators studied spectral power modulations near saccade onset [31], in addition to
decoding movement direction, as covered previously. They compared spectral power signals
from saccade planning and execution periods, and found the largest onset-tuned modulations
were in the 5-15 Hz and 35-65 Hz frequency ranges. The latter range is consistent with our
ANOVA results (Figure 9A), but we observed very little significant temporal tuning below 15
Hz. One explanation for this discrepancy relates to our procedure: we obtained average power
values using the three data windows ending in each of the [-150, -100] ms and [50, 100] ms
subintervals, from the pre-onset and onset periods, respectively. The middle windows from the
subintervals were, therefore, separated by 200 ms. This length of time corresponds to the period
of a single 5 Hz cycle, or just three 15 Hz cycles; in contrast, seven 35 Hz and sixteen 80 Hz
cycles can be completed in the same time. As a result, there may have been an insufficient
amount of time for significant, low-frequency modulations to appear in the log-power estimates
(p < 0.001; ANOVA), and thus the histogram of Fig 9A. A second LFP-saccade study [59] —
which recorded from the lateral intra-parietal cortex of the PPC — also reported temporal
information encoded in LFP spectral power below 20 Hz. The blindness of our methodology to
these potentially rich sources of onset-tuning represents a significant problem for which future
studies should account. An important first step will be to identify the extent to which the problem
is systematic — for which some form of estimate re-scaling or shift in the ANOVA subinterval
times could improve results — versus random variance — for which changes to the spectral

estimation procedure, such as increasing the window length, could be required.

For the present thesis, Figure 10 aids in the evaluation of our algorithm, and specifically the
choice of using the [-150, -100] ms subinterval for ANOVA input. The three windows ending in
this subinterval were centered at -300 ms, -275 ms, and -250 ms relative to eye movement onset.
Fig 10, panels C-F show that for saccades and pursuits, decoded from MIP and PMd, the

proportion of false positive detections was smaller in all 100 ms bins in the [-900, 300) ms

62



interval than in any of the bins in the [-300, 0) ms interval. Therefore, the decision to use
ANOVA to identify spectral power frequency bands that discriminate between the late pre-onset
and onset periods was appropriate. Including earlier times would be unlikely to significantly
improve performance, since in all four cases, bins in the [-900, -300) ms interval never
comprised more than 5% of the total positive detections. Shifting the subinterval to include times
closer to eye movement onset could lead to modest performance improvements, but would also
lead to greater overlaps with the onset period data. The lack of sharp spectral features near
movement onset, as shown in Figure 2C, means that the number of significantly tuned bands
rapidly declines as the pre-onset and onset ANOVA subintervals approach one another. Since the
ANOVA procedure only facilitates feature selection, aggressively eliminating many frequency
bands would likely be detrimental to the final decoding. Ultimately, rigorous cross-validation

over candidate subintervals should be applied to optimize onset-tuned frequency band selection.

4.2.2 Eye movement onset detection

In both studies discussed in 4.2.1 [31,59], the authors performed post-hoc analyses to investigate
temporal onset-tuning and classify LFP spectral power data windows as either pre- or post-onset.
More specifically, they used knowledge of the actual eye movement onset time to differentiate
and label pre- and post-onset signals before beginning their decoding. Accordingly, they were
able to convincingly show that PPC (MIP and LIP) LFP spectral power is well-suited to
discriminating between behavioral states; Scherberger and collaborators classified baseline, pre-
onset, and and post-onset windows with less than a 10% error rate using 20 or fewer LFP
channels [31]. However, since they used information that would not be available in real-time (i.e.
the movement onset time), their methods have little direct predictive power. To simulate real-
time eye movement onset detection, we implemented an SVM to make causal predictions of

whether data windows belonged to the pre-onset period or the onset period.

Our SVM onset detection algorithm achieved true-positive rates that were significantly above
chance for saccades and pursuits, recorded from MIP and PMd (see Figure 11). This result

demonstrates that saccade-related behavioral state information encoded in the MIP and PMd
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LFPs, as reported in previous studies [31,59], can be exploited to detect movement onset in real-
time. To our knowledge, this is the first work to do so using LFPs from reach areas; however,
other eye movement timing-based studies have shown that saccade onset can be reliably
identified using spike signals from oculomotor areas like FEF and SEF [120]. For motor
prosthetic systems, it is undesirable to record from areas that are not strongly reach-related. As
such, the results presented here are significant, despite not yet attaining a level that could

immediately improve a prosthetic system.

Beyond the simple TP rates reported in Fig 11, the pooled distributions of positive classifications
depicted in Figure 10, panels C-F, reveal important trends. In 3.2.2, we noted that between
57.4% (PMd pursuits) and 65.9% (PMd saccades) of all positive classifications, true or false,
were made within 100 ms of actual onset time across all data sets. Going back further, between
79.5% (MIP saccades) and 85.3% (PMd pursuits) of positive classifications were made in the [-
300, 100] ms interval, which represented just 17/41 (41.4%) of the times examined for each trial.
Meanwhile, the fixation target prompted saccades between 170 ms and 357 ms before onset
(mean: 221 ms) and pursuits between 131 ms and 366 ms before onset (mean: 224 ms). The
movement cues were, therefore, being processed at times coinciding with the observed increase
in false positives. This is further evidence of the temporal sensitivity to behavioral state in MIP
and PMd. Fig 10A — which has qualitatively similar dynamics to other plots of the same type
across different sessions and movement types — provides further insight regarding the false
positive distributions. There were few cases, especially near movement onset, of just one positive
detection occurring without more following in close proximity. In other words, on a single trial
basis, errors were more likely due to a systematic offset in the signal than to random fluctuations
in LFP spectral power. This could be construed as positive — the problem is well-posed, such that
small changes in time correspond to small changes in spectral power, and thus similar
classifications at neighboring times. Conversely, it illuminates a potential difficulty for attaining
high temporal precision. Introducing a normalization to better evaluate the spectral power
distribution across frequency bands or across time could mitigate the impact of systematic errors.
Identifying an effective normalization scheme could also improve understanding of how
temporal information for eye movements is encoded in the LFP. Finally, to improve precision

and overall performance of the detector, more significant changes to the algorithm may be
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necessary. Within the SVM framework, incorporating additional features would be
straightforward. For example, windowed spike counts from neurons that are recorded
simultaneously with the LFP could provide more granular information without requiring further
surgery or hardware; theory for incorporating the two signal types is already under development
[11,118,121]. However, even with a simple and general method for feature selection from LFP
spectral power, we were able to decode eye movement onset time significantly above chance for

saccades and pursuits, with data from both MIP and PMd.
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5. Conclusions and neural prosthetic applications

In summary, the two novel objectives of this thesis were:

1) To determine the existence of saccade and pursuit directional encoding in LFP

spectral power from areas MIP and PMd during reach planning;

i) During reach planning, to determine the existence of temporal oculomotor
information encoded in MIP and PMd LFP spectral power, and leverage it to detect

saccade and pursuit movement onsets.

Throughout this study, we found strong similarity between the results for saccades and pursuits,
in both MIP and PMd. This was notable, but not necessarily surprising given the overlapping
mechanisms and purposes underlying saccades and pursuits, as well as the functional similarities
between sensorimotor areas MIP and PMd. Our methodology was not designed to draw direct
comparisons between movement types and brain areas, but the overarching results of this work

apply similarly to all cases.

For objective 1), we showed that eye movement direction is encoded by LFP spectral power.
However, our modest decode rates suggest that LFPs may provide insufficient neural resolution
to obtain optimal decoding during reach planning. Since the primary reason to decode eye
movement variables from MIP and PMd is for motor prosthetic application, a more sophisticated

decoding algorithm will be required to gauge potential for clinical utility.

For objective ii), we detected saccade and pursuit onset at 100 ms temporal resolution using a
simple spectral power feature selection process, paired with a support vector machine classifier.
While MIP and PMd LFPs may not provide the same temporal precision as oculomotor-specific
areas (e.g. [120]), a refined version of our algorithm could eventually aid motor prosthetic
systems. For example, once eye movement onset is detected, a movement direction or target

decoder can be queried to update eye position variables. Since reach target is encoded relative to
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eye position in both MIP and PMd, accurate knowledge of eye position enables improvements to

reach accuracy as well.
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6. Figures
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Figure 1 (reproduced with permission from Stacey, 2015): Center-out look-reach experiment
paradigm. (A) Areas MIP and PMd in the macaque cortex. Four 16-channel electrode arrays
were implanted in MIP, and one 32-channel array was implanted in PMd. Approximate locations
represented by yellow dots; (B) Diagram of possible gaze (red cross) and touch (green circle)
target locations. The subject began each trial by fixating and touching the central targets with all
other targets extinguished; (C) Schematic for the behavioral task performed by the macaque
subject (see 2.3 for in-depth description). Red crosses and green circles represent fixation and
touch targets, respectively, as in (B).
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Figure 2: (A) Normalized, single-channel LFP time series recorded from area MIP during a cis-
directional, rightward saccade trial. Red line marks eye movement cue time, and green line
marks eye movement onset; (B) Log-power spectrogram produced from the LFP time series in
(A). Horizontal axis times correspond to end of data windows, such that all estimates are causal;
(C) Averaged log-power spectrogram for all rightward saccade trials from session M645. Red
line marks median eye movement cue time; (D) Locations of reach-memory (T1), pre-onset (T2),
peri-onset (T3), and post-onset (T4) periods for eye movement direction classification; (E)
Locations of pre-onset and onset periods for eye movement onset classification.
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Figure 3: (A) Left panel shows scatter plot of channel 1, 105-125 Hz frequency band log-powers
during peri-onset period (T3) from saccade trials in session M645. According to ANOVA this
was the band tuned at the highest confidence (p = 2.8x1077). Inverted green triangles
correspond to rightward saccade trials, red crosses to upward, blue circles to leftward, and
magenta triangles to downward. Dashed, horizontal lines mark mean log-powers of respectively
colored data-points. Right panel shows mean log-powers, plus or minus standard deviation, for
each direction; (B) Same as (A), with data from channel 17, 45-55 Hz frequency band.
According to ANOVA, this band narrowly achieved the criterion necessary to be classified as
significantly directionally tuned ((p = 0.04 < a = 0.05).
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Figure 4: Directional tuning histograms from the two exclusive datasets, such all trials featured
cis-directional eye movements and reaches. The panels show the fraction of channels that were
significantly directionally tuned (p < 0.05; ANOVA) in each LFP spectrogram frequency band.
In total there were 2x32=64 MIP channels and 2x16=32 PMd channels. From left to right,
columns correspond to data from the reach-memory period (T1), movement cue period (T2),
peri-onset period (T3), and post-onset period (T4). See Table 1 for further description of T1-T4.
From top to bottom, panel rows correspond to MIP data for saccades, PMd data for saccades,
MIP data for pursuits, and PMd data for pursuits.
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Figure 5: Directional tuning histograms from the three inclusive data sets with cis- and trans-
directional trials. The panels show the fraction of channels that were significantly directionally

tuned (p < 0.05; ANOVA) in each LFP spectrogram frequency band. The lighter bars on the left
side of each pair correspond to cis trials and the darker bars on the right correspond trans trials.

In total there were 3x32=96 MIP channels and 3x16=48 PMd channels. From left to right,
columns correspond to data from the reach-memory period (T1), movement cue period (T2),

peri-onset period (T3), and post-onset period (T4). See Table 1 for further description of T1-T4.

From top to bottom, panel rows correspond to MIP data for saccades, PMd data for saccades,
MIP data for pursuits, and PMd data for pursuits. Trans tuning results were not included for T1

because there was no fixed relationship between reach and eye movement directions. Therefore,

any detected tuning during this period would be spurious.

72



MIP Saccades PMd Saccades

0.5

0,5 T T T
= CIS —— Trans

Correct Classification Rate

T2 T3 T4 T2 T3 T4

Time Period

Figure 6: Correct direction decode rates for saccades during time periods T1-T4 (see Table 1 for
description). In panels (A)-(C), decoding results from MIP are shown on the left side, decoding
results from PMd are shown on the right. Dashed, horizontal line represents chance correct
classification rate (25%). Error bars are 95% confidence intervals computed with Monte Carlo
bootstrap resampling; (A) Classification rates for cis-directional trials from pooled, exclusive
datasets; (B) Classification rates for cis- and trans-directional trials from pooled, inclusive
datasets, using only cis-directional trials to train the classifier. Lighter bars on left in each pair
correspond to cis decode rates, and darker bars on right correspond to trans decode rates; (C)
Same as (B), except classifier was trained using only trans-directional trials. Rates for memory
period T1 are not shown since eye movement had not been cued and its direction relative to
planned reach direction was not controlled for.
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Figure 7: Correct direction decode rates for pursuits during time periods T1-T4 (see Table 1 for
description). In panels (A)-(C), decoding results from MIP are shown on the left side, decoding

results from PMd are shown on the right. Dashed, horizontal line represents chance correct
classification rate (25%). Error bars are 95% confidence intervals computed with Monte Carlo
bootstrap resampling; (A) Classification rates for cis-directional trials from pooled, exclusive
datasets; (B) Classification rates for cis- and trans-directional trials from pooled, inclusive
datasets, using only cis-directional trials to train the classifier. Lighter bars on left in each pair
correspond to cis decode rates, and darker bars on right correspond to trans decode rates; (C)

Same as (B), except classifier was trained using only trans-directional trials. Rates for memory

period T1 are not shown since eye movement had not been cued and its direction relative to
planned reach direction was not controlled for.
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inclusive datasets during time periods T2-T4 (see Table 1 for description), with classifier trained

on only trans trials; (A)-(D) Decode rates for opposite-trans (light colored) and perpendicular-
trans (dark colored) trials, for MIP saccades, PMd saccades, MIP pursuits, and PMd pursuits,

respectively. Dashed, horizontal line represents chance classification rate, and error bars are 95%

bootstrap confidence intervals.
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Figure 9: Normalized temporal tuning histograms across all data sets. A channel was considered
temporally tuned if ANOVA vyielded a p-value of p < 0.001, reflecting confidence that log-LFP
power in the band was modulated by movement onset. Specifically, average log-power from
intervals [-150, -100] ms and [50, 100] ms relative to movement onset in each trial were
compared with ANOVA (see 2.4.3 and 2.4.6); (A) Data recorded from MIP during saccade trials;
(B) Data from PMd during saccades; (C) Data from MIP during pursuits; (D) Data from PMd
during pursuits. In total 5x32=160 MIP channels and 5x16=80 PMd channels were used.
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Figure 10: SVM eye movement onset detection; (A) Visual representation of saccade onset
detection results by test trial (vertical axis) for MIP data from session M645. Red regions in the
pre-onset period, [-900, 0) ms, correspond to false positive detections, which were fixed to a
5.0% rate across all trials in each data set. Blue regions correspond to true negatives
(equivalently fixed to 95.0%). Green regions in the onset period, [0, 100] ms, correspond to true
positive (TP) detections, and yellow regions correspond to false negatives (FNs). There was
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Figure 10 (cont.): either one TP or one FN per trial; see Table 2B for complete description; (B)
Normalized distribution of positive detections for results shown in (A), binned by 100 ms
intervals. Unlike in (A), every positive detection in the onset period was counted individually for
fair comparison to false positive detections. Blue curve shows cumulative proportion of positive
detections at 25 ms resolution, and dotted black unity line represents cumulative proportion of
positive detections for an idealized simulation in which positive detections are uniformly
distributed; (C)-(F) Same as (B) with results pooled across all data sets, corresponding to MIP

saccades, PMd saccades, MIP pursuits, and PMd pursuits, respectively.
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Figure 11: True positive (TP) detection rates by recorded brain area and movement type, pooled
across all five datasets. False positive rate was fixed to 5.0% for each dataset individually, and
results across all datasets were averaged, with weighting by number of trials. Error bars are 95%
Clopper-Pearson confidence intervals. Dashed black line represents TP chance rate of 22.6%, as
derived in equation (13).
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