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ABSTRACT

When reaching to grasp, we coordinate how we preshape the hand with how we move it. The
temporal and spatial coordination of transport and grasp components during reach-to-grasp
behavior has been studied extensively in psychophysics experiments (M. Jeannerod 1984;
Haggard and Wing 1995). Little is known, however, on the role of neocortex in generating,
driving, or modulating the coordination of such behavior. The results discussed in this thesis
attempt to answer the question: how do neural ensembles in the primary motor cortex
functionally interact to produce coordinated behavior? In the first study, we examined the
interactions between reach- and grasp-related neuronal ensembles while monkeys reached-to-
grasp a variety of different objects in different locations. By describing the dynamics of these
two ensembles as trajectories in a low-dimensional state space, we examined their coupling in
time. The development of this coordination has been studied in infants and children (Claes von
Hofsten 1984; Kuhtz-Buschbeck, Stolze, Johnk, et al. 1998; Wimmers et al. 1998). As children
age, their inter-joint coordination becomes more stereotyped (Claes von Hofsten 1984; Kuhtz-
Buschbeck, Stolze, Johnk, et al. 1998). Less is known about the role of motor cortex in
developing coordinated reach-to-grasp. Additionally, studies have shown that after amputation,
the cortical area previously involved in the control of the lost limb undergoes reorganization (J.
N. Sanes et al. 1988; J. N. Sanes, Suner, and Donoghue 1990; Schieber and Deuel 1997; Wu and
Kaas 1999; Qi, Stepniewska, and Kaas 2000), but limited work has gone towards developing
BMaIs that use neurons that are not tuned for kinetic or kinematic features. In the second study,
we probed the emergence of coordinated reach-to-grasp in macaques that were being taught to
cortically control a robotic arm through operant conditioning, and probed the neural correlates of

this emergence.
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I. INTRODUCTION

Overview

The vast extent to which we can interact with the world around us has shaped our evolution as a
species. Whether through language or through movement, this interaction occurs by way of our
muscles, joints, and limbs. Human beings have an incredibly rich repertoire of motor behaviors
that we take advantage of constantly, in addition to the ability to learn new ones through the
plasticity afforded to us by our central nervous system. Nor do we limit ourselves to individual
movements in isolation—how often do you find yourself moving just your elbow when making
any sort of movement of the arm? How many tennis players can serve perfectly without keeping
their eyes on the tennis ball? How many dancers are told to forget about controlling their facial

expressions while doing pirouettes?

All of these movements require a remarkable degree of spatial and temporal coordination. Even
primitive tool use in our ancestral history required coordination of many of the joints of the
upper limb (Marzke 1997). The coordination involved in making complex and ethologically
relevant movements has been an area of considerable interest and research; in particular, the
coordination of the transport and grasp components of reach-to-grasp behavior has been studied
extensively psychophysically. Little is known, however, on the role of neocortex in generating,
driving, or modulating the coordination of such behavior. Given how much of a role the learning
and execution of coordinated reach-to-grasp plays in both human history and in our daily lives,
what could be more fundamental than understanding the role that neocortex, specifically primary

motor cortex (M1), plays in this coordination?



Reach-to-Grasp: Psychophysics

There is an extensive body of psychophysics literature on the coordination of reach-to-grasp in
adults. Coordination in the context of reach-to-grasp behavior refers to the spatiotemporal
coupling of the proximal arm and the distal hand such that when the arm reaches the object, the
hand shape matches the required configuration to grasp the object. One seminal study by
Jeannerod  observed such temporal coordination between the transport (reaching) and
manipulation (grasping) components of prehension in the reach-to-grasp movements of seven
right handed adults (M. Jeannerod 1984). The transport component was characterized by a fast
velocity phase for the majority of the movement’s time course, followed by a slow-velocity
phase during the last quarter of the time course; this 3:1 ratio was maintained across distance.
Preshaping of the hand occurred during transport, with the fingers initially stretched then closing
in the appropriate configuration. The timing of finger closing correlated with the onset of the

slow-velocity phase.

Another group found that the coordination observed between prehension and transport varied
based on the type of prehension that subjects used. Gentilucci and colleagues conducted a study
with eight subjects, looking at reach-to-grasp movements with different objects placed at
different distances (Gentilucci et al. 1991). Objects were meant to require either prehension with
the whole hand or prehension with the index finger and the thumb (precision grip). They found
that the transport component was invariant to the type of grasp, whereas the temporal trajectory
of prehension, as well as its temporal relationship with the transport component, changed
depending on the type of grasp. When the object required precision grip, subjects reached the

2



maximum aperture earlier. In addition, they found that the temporal coupling between transport
and prehension trajectories was stronger when the subjects were reaching to grasp objects not

requiring precision grip.

Perturbation studies have been used to investigate important features of reach-to-grasp
coordination and their robustness. In one study, Haggard and Wing examined the coordination
between the transport component and aperture by observing the effects of aperture perturbations
(Haggard and Wing 1995). An electric actuator would push or pull the subject’s relevant arm
during the course of movement in a quarter of the trials. They found that subjects compensated
for this perturbation by adjusting their aperture accordingly to preserve the stereotypical

relationship between the spatial trajectories of the transport component and aperture.

These three seminal studies demonstrated that there exists spatiotemporal coordination between
the reach (transport) and the grasp (manipulation, aperture) components during reach-to-grasp
movements, established that this coordination varies based on the type of prehension, and
indicated that such coordination is robust to perturbations. This type of coordination would
suggest that, at some level, control of aperture requires information about the state of transport

and vice versa.

Reach-to-Grasp: Cortex

Traditionally, reaching and grasping are thought to be mediated by separate parieto-premotor
pathways due to the fact that reaching and grasping involve the sensorimotor transformation of
different kinds of environmental information (M Jeannerod 1999; Marc Jeannerod 1988;

3



Krakauer and Ghez 1991). Reaching requires visual information about the target location,
whereas the kinematics of grasping largely depend on intrinsic properties of the object
information and not the location of the object. As discussed earlier, the kinematic trajectories of
reaching and grasping are highly coupled, but this coupling has been posited to occur between
separated informational streams prior to primary motor cortex. This paradigm is posited to be
analogous to the division between dorsal and ventral informational streams in visual processing,
where the ventral stream is associated with object recognition and form representation, while the
dorsal stream is associated with the processing of spatial information. Analogous to the cortical
areas higher up in the visual hierarchy, primary motor cortex would have to coordinate these two
allegedly independent streams of information for the production of coordinated reach-to-grasp

behavior.

In motor neuroscience, the “dorsal pathway” is associated with reaching, and is involved in
transforming visual information about target location in extrapersonal space into the direction of
a reaching movement (Krakauer and Ghez 1991). Parameters for reaching movement depend on
locations of the target relative to body, shoulder, and hand. Reaching requires that visual
information about target location and the position of the upper limb be used to specify critical
features of the upcoming arm movement. Research suggests that the memory of extrapersonal
space is stored within an eye-centered frame of reference (Galletti et al. 2003; Batista et al. 1999;
Cohen and Andersen 2002; Cohen and Andersen 2000). In particular, the medial intraparietal
area (MIP) is thought be involved with encoding the location of objects with respect to this
frame. MIP, together with the parieto-occipital cortex (PO), which contains both a retinotopically

organized visual area and a visual/somatosensory area that is involved in form, motion, and



space processing (Galletti et al. 2003), is called the Parietal Reach Region (PRR) ((Cohen and
Andersen 2002; Batista et al. 1999; Cohen and Andersen 2000). Posterior parietal cortex projects
to premotor and motor cortices. There are also direct projections from parietal areas to dorsal
premotor area (PMd) (Caminiti et al. 1999; Shipp, Blanton, and Zeki 1998; Johnson and Ferraina
1996; Steven P. Wise et al. 1997). During reaching, neurons in PRR code for direction of
movement but discharge later than dorsal premotor neurons to which they are connected. These
neurons could monitor ongoing movements and improve the planning and execution of
subsequent reaches by premotor areas. PMd contains neurons that are active during both
reaching movements and the preparation for reaching movements and exhibits tuning for the
direction of reaching (Cisek and Kalaska 2005; Messier and Kalaska 2000; Kurata 1993;
Gentilucci et al. 1988; Fu et al. 1995; Crammond and Kalaska 1989; S. P. Wise and Mauritz

1985; Weinrich and Wise 1982).

The “ventral pathway” is associated with transforming visual object-related information, like
shape or size, into commands for grasping (Krakauer and Ghez 1991). Projections connect the
anterior intraparietal areas (AIP) with the ventral premotor area (PMv) (Luppino et al. 1999;
Matelli et al. 1986). AIP has neurons that are selective for object properties such as shape, size,
and orientation, as well as neurons that are responsive to manipulation of the hand (Akira Murata
et al. 2000), and has been posited to be involved in transforming visual object information into
motor-related information. Neurons in PMv are selective for different hand manipulations, such
as precision grip or power grip, and tend to be active throughout reach-to-grasp movements (A.

Murata et al. 1997; Akira Murata et al. 2000; Rizzolatti et al. 1988).



More recently, this paradigm for separate parieto-premotor pathways for reaching and grasping
has been called into question. Area PO, part of PRR, also contains information about object form
and space, and is thought to play a role in grasping as well (Galletti et al. 2003). In general the
dorsal visual stream connects to both pathways. Each premotor area receives input from posterior
parietal cortex; in addition, there are dense connections between premotor areas (Dum and Strick
2005). To this effect, one study recorded from neurons in both primary motor cortex (M1) and
PMv while monkeys made naturalistic reach to grasp movements. They assessed the ability of
spiking activity and local field potentials in both areas in decoding 3D arm end point and grip
aperture kinematics; they found that neither MI nor PMv showed a bias towards a reach or grasp

decode (Bansal et al. 2012).

Regardless of whether separate, independent pathways exist in the processing of reach-related
and grasp-related information, it is clear that primary motor cortex must integrate and coordinate
reach-related and grasp-related information from multiple streams and cortical areas for the
production of reach-to-grasp behavior. There are projections from both premotor areas to
primary motor cortex, which is responsible for elaborating and executing both reach and grasp
movements (Tokuno and Tanji 1993; Krakauer and Ghez 1991). In addition, premotor and
motor cortex also receive input from the basal ganglia and cerebellum via nuclei in the
ventrolateral thalamus (many reciprocal connections called cortico-subcortical loops) (Middleton

and Strick 2000).

Within primary motor cortex there is a broad spectrum of functional representations. Ensembles

of neurons involved in the processing of different types of information need to be coordinated for



the production of coordinated motor behaviors such as reach-to-grasp. Primary motor cortex
(M1) is composed of the forelimb, hindlimb, trunk, and orofacial regions, the somatotopy of
which is described in detail in the section Somatotopic Organization of Primary Motor
Cortex. Ml contains both kinematically and kinetically selective neurons, including for example,
neurons that are tuned for direction of movement, muscle force, muscle synergies, kinetic
synergies, joint velocities, or joint positions (Krakauer and Ghez 1991; Kakei, Hoffman, and
Strick 1999; Holdefer and Miller 2002; Scott 2003; Georgopoulos et al. 1982; Georgopoulos,
Schwartz, and Kettner 1986; Werner, Bauswein, and Fromm 1991; Paninski et al. 2004). Most
neurons in primary motor cortex become active only shortly before and during movement

(Krakauer and Ghez 1991).

Recent work has shown that neurons in primary motor cortex encode both reaching and grasping
related kinematic trajectories, as opposed to single point-in-time kinematic variables. In a study
by Saleh, Takahashi, and Hatsopoulos, two female rhesus macaques were trained on a reach to
grasp task (Saleh, Takahashi, and Hatsopoulos 2012). They simultaneously recorded from
multiple single units in primary motor cortex (MI) while the monkeys performed reach-to-grasp
movements to four different objects presented in seven different locations by a robot. A 6-
camera, Vicon motion capture system tracked the kinematics of a set of infrared reflective
markers placed on the arm, wrist and fingers from which the kinematics of 17 joints and wrist
position were reconstructed. Saleh and colleagues created generalized linear models using
kinematic features, including joint angles and velocities, along with wrist position and velocity,
as well as a neuron’s own spike history, to predict the firing activity of single neurons. By using

trajectories of kinematic features, instead of values of features at a single instance in time, the



models were able to better predict firing activity for most neurons. The same held true for using
multiple features in a model instead of single features, as well as using velocity features over
position features. In addition, this study found that although some neurons primarily encode
either reach-related or grasp-related kinematic features, a plurality tended to encode both types of

features.

In summary, primary motor cortex must coordinate reach-related and grasp-related information
from multiple streams and cortical areas for the production of reach-to-grasp behavior. Given
that neuronal ensembles within primary motor cortex encode both reaching and grasping related
kinematic trajectories, studying how ensembles of neurons encoding reaching-related and
grasping-related kinematics are coordinated can help shed light on the role of primary motor

cortex in producing coordinated reach-to-grasp movements.

Cortical Coordination

Prior work has examined the cortical basis of coordinating reach-to-grasp, but has focused on
single neuron responses or pair-wise correlations. It has been shown that M1 neurons modulate
sequentially during a reach-to-touch task such that shoulder- and elbow-related cells (assessed
via intracortical microstimulation effects on the same electrode sites from which the cells were
recorded) begin firing on average about 60 ms before wrist and finger-related neurons consistent
with the proximal-to-distal sequencing of muscle activation evident in this task as well as in
many other multi-joint motor behaviors (Murphy, Wong, and Kwan 1985). In premotor cortex,
pair-wise correlations between small groups of neurons have been shown to carry information
about particular reaching and grasping combinations even though the constituent neurons’ firing

8



rates only carried information about either reaching or grasping (Stark et al. 2008). This study
speculates that correlations in primary motor cortex during movement could be even more
informative in motor cortex, even though this was not experimentally verified. Neither of these
studies has examined the dynamics of large neural ensembles during coordinated reach-to-grasp

behavior.

The field of cortical motor neuroscience has recently been shifting towards the study of neural
dynamics (Todorov and Jordan 2002; Scott 2004; Todorov 2004; Cheng and Sabes 2006; M.
Churchland et al. 2012; Shenoy, Sahani, and Churchland 2013). A standard approach in
analyzing the dynamics of neural ensembles uses state space-methods, where a high dimensional
neural signal is described by a trajectory through a low-dimensional space. This method, if
extended to multiple neural ensembles, could allow us to ask how the trajectories of multiple
neural populations, such as reach- and grasp- related populations, coordinate with one another,

broadening the literature beyond single-neuron or pair-wise correlation analyses.

This type of approach could also speak to work examining phase-locking and coherence in local
field potential oscillations during cognition and coordinated behavior (Sternad, Turvey, and
Schmidt 1992; Kelso 1994; Bressler and Kelso 2001). This school of inquiry focuses on the
question of how non-linear coupling among some group of components can give rise to a variety
of complex behaviors. This involves both the identification of key variables, “defined as a
functional ordering among interacting components”, and the dynamics of these variables, or “the

rules that govern the stability and change of coordination patterns and the non-linear components



that give rise to them” (Bressler and Kelso 2001). The substrate for this coordination posited by

researchers has been primarily local field potentials (Bressler and Kelso 2001).

Thus, the field is primed for new approaches to studying the role of primary motor cortex in
producing coordinated reach-to-grasp movements—in particular, investigating the dynamics
between ensembles of reach-related and grasp-related neurons during these movements (see
Specific Aim 1). Similarly, little is known about the role of primary motor cortex in developing
coordinated reach-to-grasp behavior; to date, there have been no cortical studies in human
subjects or in any viable animal models investigating this development. However, as with fully-
developed reach-to-grasp behavior, there is a psychophysics literature examining the

development of coordinated reach-to-grasp behavior in infants and in children.

Reach-to-Grasp: Development of Coordination in Infants

Humans develop the ability to reach-to-grasp in infancy, and refine these movements through
early adolescence (Claes von Hofsten 1984; Kuhtz-Buschbeck, Stolze, Johnk, et al. 1998).
Several studies have examined when and how reach-to-grasp behavior emerges in infants.
Neonates tend to open their hand while extending their arm forwards (Claes von Hofsten 1984).
In fact, at this point, infants only do the opposite, extend their arm with a closed fist, about 8
percent of the time (DiFranco, Muir, and Dodwell 1978). This coupling only becomes less
prevalent around the age of 2 months; at this point, infants tend to fist while extending their arms

(Claes von Hofsten 1984).
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A common framework that has been used over the past century to analyze human motor
development is to study specific "milestones” (Wimmers et al. 1998). For example, infants
typically exhibit reaching behavior at about 3 months of age. By this point, they can even make
predictive movements for fast moving objects (Claes von Hofsten 1981). Infants typically exhibit
reaching-to-grasp behavior around about 5 months of age (Wimmers et al. 1998). The occurrence
of such milestones is thought to reflect some maturation point of the motor system. Less well
understood is how infants transition between these milestones or what neural processes drive the

emergence of new motor behaviors.

Researchers have proposed that the stability of a motor behavior is conducive to the emergence
of new motor behaviors. In one longitudinal study, infants were examined every week from the
age of 8 weeks to the age of 24 weeks (Wimmers et al. 1998). In each trial, a stick was presented
to the infant; the stick was at a distance of about 2/3 of the length of the infant's arm. Infants
were filmed as they were presented with and moved their hands towards the stick; they could
either reach without grasping, or reach-to-grasp. Trials were then divided into the reaching
without grasping and reaching with grasping categories; the reaching without grasping category
included both trials in which the infant came within 5 cm of the object and trials in which the
infant reached out and touched the object without grasping. The behavior underwent a distinct
transition from when the former was predominant to when the latter was predominant. The mean
first passage time, defined as the average amount of time following the onset of trial that it took
the infant to first touch the object or come within 5 cm of it, tended to decrease until right after
the transition to a higher percentage of reach-to-grasp trials. After this transition, mean first

passage time tended to remain constant. Thus, these results lend support to the idea that the
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stability of a certain motor activity is conducive to the emergence of new motor activities

(Wimmers et al. 1998).

Other work has focused on studying the nature of prehension once infants begin to exhibit reach-
to-grasp movements. One study found that infants have the capacity to precisely time and
coordinate catching a moving object (Claes von Hofsten 1983). Another longitudinal study
found that infants concurrently master the ability to reach for stationary and moving objects (C.
von Hofsten and Lindhagen 1979). For this study, infants were scored on one of four behaviors
while reaching: grasp and hold the object, grasp and let go of the object within a second, touch
the object, and miss the object. Infants were seen at regular intervals from between 12 and 24
weeks of age to 30 weeks of age. The number of occurrences of the first two categories when the
infant actually grasped increased with age, while the frequency of just touching remained
roughly steady, and the number of misses decreased. In addition, infants were more likely to
grasp and hold for objects that were closer, and more likely to grasp and let go of objects moving
at slower speeds. By the time they were 18 weeks old, most of the reaches involved a grasp. In
fact, several of the infants were able to catch an object moving at 30 centimeter per second at this

age. Most infants moved their hand directly to the expected meeting point with the object.

Although infants are able to reach-to-grasp around 18 months of age, they fine-tune their
prehension as they get older. Another longitudinal study by von Hofsten and Fazal-Zandy
observed 15 infants every four weeks from when they were 18 weeks of age to 24 weeks of age
(Claes von Hofsten and Fazel-Zandy 1984); these infants were presented with both horizontal

and vertical rods. They found signs of infants trying to adjust their hand to the appropriate
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orientation even at 18 weeks of age, but without success. The infants showed rapid
improvements over the course of the study, indicating that although the development of
prehension is accessible at an early age, these movements become more fine-tuned with age. In

fact, the refinement of reach-to-grasp continues through the course of childhood.

Reach-to-Grasp: Refinement in Children

Although reaching-to-grasp is a behavior that is learned in infancy, studies have shown that the
coordination of reaching-to-grasp continues to develop through childhood. One study found that
the kinematic profiles of reach-to-grasp behavior becomes more stereotyped with age (Kuhtz-
Buschbeck, Stolze, Johnk, et al. 1998). In this study, 54 children between the ages of 4 and 12
had to reach-to-grasp a cylindrical object with precision grip with their dominant hand. Both the
trajectory of the reaching hand and the trajectory of the finger aperture were measured for each
trial. Younger children were found to open their hands earlier in order to grasp objects. Figure
1.1 illustrates kinematics profiles of the hand velocity and grip aperture for each of the three age
groups; these profiles become more stereotyped with age. A similar study of children who were
4 or 5 years old found that the reach trajectories of children reaching-to-grasp became straighter

with age (Kuhtz-Buschbeck et al. 1999).
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Figure 1.1 Prehension in Children Kinematic profiles of prehension at the age of 4, 7, and 12
years. The hand velocity is plotted against grip aperture in three children of difference ages. Six
trials are superimposed for each subject.” (SOURCE: Kuhtz-Buschbeck, Stolze, Johnk, et al.
1998)

Similarly, interjoint coordination during reach-to-grasp becomes more fine-tuned with age
(Schneiberg et al. 2002). One study examined the development of stable, highly stereotyped
kinematic trajectories that were characteristic of adults while reaching-to-grasp. This study was
conducted on thirty-eight children, between the ages of 4 and 11, as well as nine adults. Subjects
had to reach for cones that were placed in front of them at three different distances. Similar to the
previous study, they found increased variability in younger children and that kinematic
trajectories got more stereotyped with age. In addition, they found that interjoint coordination
became more stereotyped, for example, between shoulder “horizontal adduction” and elbow

extension.
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Not only is reach-to-grasp behavior not fully developed by the age of 6 or 7—there are marked
differences in the strategies that children and adults use to reach-to-grasp. One study found that
children opened their grip wider than adults (Kuhtz-Buschbeck et al. 1999). Another study varied
three parameters, the distance of the object, the size of the object, and the presence of visual
feedback, and examined how each parameter affected reach-to-grasp movements in both children
and adults (Kuhtz-Buschbeck, Stolze, Boczek-Funcke, et al. 1998). The experimental setup was
scaled to reflect the differing body proportions of a child verses an adult. They found that the
peak transport velocities scaled with object distance similarly in both children and adults. When
it came to prehension, there were a number of differences between the two groups. The
deceleration phase was shorter in children, who tended to open their hands with larger apertures
than adults, consistent with results from other studies. Children were unable to scale their
aperture successfully with object size without the presence of visual feedback, nor could they
scale aperture with object distance regardless of whether visual feedback was present. Similar to
with other studies, Kuhtz-Buschbeck and colleagues also found that reach-to-grasp trajectories
were more variable in children than in adults. Another study also compared the importance of
visual feedback in reach-to-grasp behavior in both adults and children (Zoia et al. 2006). This
study found that children had a larger maximal aperture for the grasp, a longer duration for the
transport component, and a longer deceleration time, the last of which stands in direct contrast to

the Kuhtz Buschbeck study (Kuhtz-Buschbeck, Stolze, Boczek-Funcke, et al. 1998).

In contrast to this body of work on the development of coordination of reach-to-grasp behavior
in infants and children in the psychophysics realm, little is known on the role of neocortex in

producing, elaborating, or modulating the development of such coordination. Invasive studies
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have not been conducted on human or non-human primates during the development of reach-to-
grasp. As such, studying the learning of coordinated behavior in the context of a brain-machine

interface could provide a unique window into the development of reach-to-grasp.

Learning in the Context of a Brain Machine Interface

Traditionally in the field of brain-machine interfaces, researchers have used kinematic or kinetic
decoders to use neurons that are already tuned for particular kinematic or kinetic features, such
as direction of motion to control those features. However, since somatotopic reorganization takes
place after peripheral nerve damage or injury (see section Somatotopic Reorganization of
Primary Motor Cortex due to Injury), the reliance on finding neurons already tuned for
behavioral variables that we wish to control becomes a hindrance. Single and multi-unit activity
recorded from arrays implanted into reorganized motor cortex may not be expected to be reliably
“pre-tuned” for kinematic or Kinetic features to nearly the same degree. As such, more recent

work has started to focus on learning in the context of a brain-machine interface.

Studies have shown that subjects can be taught to modulate single neurons to control a brain
machine interface through the use of operant conditioning. Seminal work on this subject has
come out of the lab of Eberhard Fetz (E. E. Fetz 1969; E. E. Fetz and Baker 1973; Eberhard E.
Fetz 2007). Monkeys were operantly conditioned to control the firing rates of individual motor
cortical neurons with the use of biofeedback. Every time the monkey was able to drive a meter
arm that reflected the firing activity of a single neuron, it was rewarded with food pellets. More
recently, one study showed that subjects can learn to modulate groups of neurons as well.
Ganguly and Carmena trained an algorithm to decode the direction of motion from neurons being
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recorded from the primary motor cortex of a rhesus macaque performing a center-out task
(Ganguly and Carmena 2009). After the monkey had learnt how to do this task successfully, they
shuffled the decoder coefficients. The monkey was able to learn how to use the decoder with the
new decoder coefficients after several days of practice. In other words, given enough practice,

the monkey was able to use a new, perturbed mapping between neurons and direction of motion.

One common confound that makes this learning paradigm difficult to use over the course of
multiple days is neural instability. That is, signals from neurons that are used for decoding on
one day might have shifted or not be present on the next day, thus impairing both learning and
performance. Several studies have attempted to address this issue through the use of adaptive
decoding-- updating or recalibrating the decoder at least once on each day of training (Hochberg
et al. 2012; Taylor, Tillery, and Schwartz 2002; Li et al. 2011). By doing so, these studies have
been able to improve performance (Hochberg et al. 2012; Taylor, Tillery, and Schwartz 2002),
improve the tuning of individual neurons (Taylor, Tillery, and Schwartz 2002), or prevent
performance degradation (Li et al. 2011). However, since adaptive decoding involves shifting the
neural mapping that subjects have to learn in order to control the brain machine interface every
time that the decoder is recalibrated, it is not a useful paradigm for studying learning over the

course of multiple days.

Recent work has attempted to move away from the adaptive decoding paradigm by examining
the learning of decoder that is held fixed across days (Ganguly et al. 2011). On each day of
experiment, neurons were checked and ensured to be stable; decoders were held stable for

between 3 to 6 days. This study examined the effects of learning a fixed decoder for a BMI task
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on the population activity of neurons directly involved in the decoder as well as other stable
neurons that were not involved in the decoder, termed indirect neurons (Ganguly et al. 2011).
They found changes in the preferred direction of both direct and indirect neurons; however, they
found an overall relative decrease in modulation of indirect neurons as compared with direct
neurons. In addition, they found that these changes in modulation remained stable as the

macaques learned the decoder.

The 2011 Carmena study was only able to examine learning of the brain machine interface over
the course of 3 to 6 days, and focused on changes in the properties of single neurons (firing rate,
preferred direction of motion). Our work aims to address these particular shortcomings by
examining the learning of a fixed decoder over the course of multiple weeks instead of multiple
days, and focuses on how neurons coordinate with each other to drive the emergence of
coordinated behavior in a brain machine interface task (see Aims 2 & 3). This paradigm provides
a unique window into the study of functional plasticity at the level of motor cortex. By
establishing a direct, causal connection between primary motor cortex and the device that
subjects learn to control, bypassing spinal cord and neuromuscular dynamics, we can infer that
any learning at the behavioral level is directly due to changes in primary motor cortical activity.
Given that somatotopic reorganization takes place after peripheral nerve damage or injury (see
section Somatotopic Reorganization of Primary Motor Cortex due to Injury), this paradigm

could be particularly beneficial for patients that have been the recipients of amputation.

In Context: An Amputee Model
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The ability to train subjects to control individual or groups of neurons for the purpose of
executing a novel behavior through the use of operant conditioning presents a powerful tool in
multiple regards. As mentioned before, this paradigm could be used to study the development of
coordination in a completely novel behavior—something which the field has insofar not been
able to do—concurrently at the level of neurons and the behavior itself. There is another domain
in which this approach is imminently useful. This paradigm for training subjects to use a “new”
set of neurons to reach-to-grasp a robotic arm could be beneficial for patients who have been the
recipients of amputation. Just to put this into perspective, about 185,000 amputations are
conducted in the United States each year-- there are almost 2 million people living in the United
States who have been the recipients of amputations (Ziegler-Graham et al. 2008). Over 5,000
service members in the U.S. Armed Forces had traumatic amputations in the timespan of 2000 to
2011 (Armed Forces Health Surveillance Center (AFHSC) 2012). Much work has gone into
showing that after amputation or peripheral nerve damage, there is somatotopic remapping in the
cortical area previously involved in the control of the lost limb (J. N. Sanes et al. 1988; J. N.
Sanes, Suner, and Donoghue 1990; Schieber and Deuel 1997; Wu and Kaas 1999; Qi,

Stepniewska, and Kaas 2000).

Somatotopic Organization of Primary Motor Cortex

Since the mid-twentieth century, a great deal of work has gone into the elucidating the
somatotopic organization of primary motor cortex. In 1952, Woolsey and colleagues published
on an overall medial to lateral topography of the leg/hindlimb, arm/forelimb, and head and face
(Woolsey et al. 1952). More recent studies from the 1970s, 1980s, and 1990s have upheld the
broader somatotopic map of the placement of the forelimb, hindlimb, and orofacial regions, but
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only upholding the idea of a homunculus in this very rough sense (Jerome N. Sanes and
Donoghue 2000); most are stimulation experiments. One type of stimulation commonly used is
intracortical microstimulation (ICMS), a technique first developed by Asanuma and colleagues
in 1968, when they measured thresholds for stimulation and the extent of excitation of pyramidal
tract neurons in cats (Stoney, Thompson, and Asanuma 1968). Researchers have used this
method to map out causal relationships between focal electrical stimulation via microelectrodes
in primary motor cortex and movement or muscles. The focal site of stimulation is stepped in a
principled fashion across the surface of primary motor cortex in order to uncover underlying

functional patterns of organization (Jerome N. Sanes and Donoghue 2000).

Others have used ICMS paired with electromyography (EMG) to measure similar causal
relationships. One study used electromyography (EMG) to record evoked muscle activity from
ICMS stimulation at 433 sites in layer 5 of the forelimb area in primary motor cortex in
anesthetized squirrel monkeys (Sessle and Wiesendanger 1982). This study found that all of the
muscles recorded from in the hand, forearm, and arm could be activated by ICMS, and that most
often, multiple, separate muscles were activated from any given site. Another interesting result
was that increasing the intensity of stimulation yielded additional areas of activation. In addition,
they did not find any sort of orderly topographic organization of forelimb joints or muscles,
except for a rough posterior to anterior trend for generally distal to proximal muscles, although
the whole spectrum of muscles could be activated from "broadly distributed and overlapping
areas" (Sessle and Wiesendanger 1982). A decade later, Nudo and colleagues published a study
examining primary motor cortex topography in six adult squirrel monkeys using ICMS to evoke

distal forelimb movement, comparing inter-animal variability with hand preference during a
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motor task requiring the use of only one digit (Nudo et al. 1992). As with the previous study, the
topography of primary motor cortex was mosaic like, and did not reflect an orderly point-to-

point or continuous organization.

Other studies have yielded similar results supporting a distributed network representation in
primary motor cortex. One study used ICMS in the motor cortex of owl monkeys to evoke a
wide range of body part movements, spanning the spectrum of tail to mouth (Gould et al. 1986).
This study found a rough somatotopic mediolateral organization of tail to mouth movements;
however, the same movement could be elicited at multiple sites. Unlike any nested or strict
orderly homunculus-like configuration, they stated instead that "M-1 is more adequately
described as a mosaic of regions, each representing movements of a restricted part of the body,
with multiple representations of movements that tend to be somatotopically related" (Gould et al.
1986). Another study used ICMS and EMG to measure evoked responses in primary face motor
cortex in crab-eating macaques (Huang, Hiraba, and Sessle 1989). This study also found that

multiple, separated cortical sites could evoke the same type of movement.

Imaging studies using Positron Emission Tomography (PET) and Magnetic Resonance Imaging
(MRI) have also shown overlapping activation patterns both between different types of proximal
and distal movement as well as between proximal and distal movements. However, studies have
also shown that after amputation or peripheral nerve damage, there is somatotopic remapping in
the cortical area previously involved in the control of the lost limb (J. N. Sanes et al. 1988; J. N.

Sanes, Suner, and Donoghue 1990; Schieber and Deuel 1997; Wu and Kaas 1999; Qi,
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Stepniewska, and Kaas 2000). Understanding this reorganization is key for the development of

brain machines for patients who have been the recipients of amputation.

Somatotopic Reorganization of Primary Motor Cortex due to Injury

Several studies have shown that chronic deafferentation induces reorganization in primary motor
cortex, and that the stimulation thresholds for inducing a movement response are similar between
normal and reorganized motor cortex. One group published a study on the reorganization of
representations in motor cortex following peripheral nerve injury in rats, specifically facial nerve
transection (J. N. Sanes et al. 1988). The branches that were lesioned only carried motor axons
for innervating muscles controlling the vibrissae. By comparing primary motor cortex mapping
in normal rats with the ones with facial nerve lesions, they were able to determine that the
forelimb, the eye, and eyelid representations expanded into the area that typically mapped to the
vibrissae within hours of the transection. A couple of years later, this group published another
study on the reorganization of primary motor cortex in adult rats, looking at the effects of motor
or mixed peripheral nerve lesions on long-term reorganization (J. N. Sanes, Suner, and
Donoghue 1990). The rats received either forelimb amputation or a facial nerve transection from
1 week to 4 months before their reorganized motor cortex was mapped using ICMS, and
compared with those of normal rats. In the rats with forelimb amputation, the general area that
elicited shoulder movements expanded into the forelimb region. In the rats with facial nerve
transection, the forelimb, eye, and eyelid area expanded into the vibrissae area, as in the previous
study. This change in representation was apparent even after one week, and the stimulation

thresholds for generating a movement response were comparable to normal thresholds.
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Similar studies have been conducted in primates analyzing changes in representation after
amputation. Schieber and Deuel published a study in macaque (Schieber and Deuel 1997); the
macaque used in this study was a 15 years old whose right upper extremity was amputated at the
shoulder joint two years prior. The size of the primary motor cortex upper extremity region for
reorganized cortex contralateral to the amputated arm was comparable to its counterpart
contralateral to the normal arm. However, throughout the reorganized primary motor cortex
upper extremity region, the movements elicited were for the shoulder girdle and the stump, and
required longer stimulus trains, higher amplitude current thresholds, or both. Qi and colleagues
published a similar study in macaques that had received therapeutic amputations at different
points in their development: two had been injured as adults, one as a juvenile, and one as in
infant (Qi, Stepniewska, and Kaas 2000). The reorganized maps of in all four of the macaque
showed the characteristic expansion of the remaining proximal body parts or joints and

neighboring body regions, despite variation in when they received amputation.

Wu and Kaas published a similar study taking a novel approach to comparing somatotopic maps
before and after amputation (Wu and Kaas 1999). This study also used ICMS, examining the
reorganization of primary motor cortex in three squirrel monkeys and two galagos that had
received prior therapeutic amputations, either forelimb or hindlimb, due to injury. Tracers
injected into the lower cervical segments of the spinal cord helped identify corticospinal neurons.
The distributions of the corticospinal neurons were used to help identify the location of the
forelimb region prior to amputation; this rough somatotopic map was compared with the
somatotopic map of reorganized primary motor cortex generated using ICMS. In each of the

animals, primary motor cortex ipsilateral to the amputated limb was not any different from
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normal; however, contralateral to the missing limb, stimulation elicited movements either from
remaining proximal muscles or neighboring body regions (hindlimb, forelimb, or orofacial).
Stimulation at every site resulted in some movement response, given enough current; on average,

higher amplitude current pulses were required to elicit movement responses.

In summary, reorganization of motor maps in primary motor cortex is induced following
peripheral nerve damage or limb amputation. This process involves an expansion of areas
encoding for remaining proximal movements ipsilateral to the injury as well as neighboring
gross body regions along the rough somatotopy into the area that previously mapped to the
injured region. Thus, for patients that have been the recipients of amputations, traditional
methods for training brain machine interfaces (BMIs) that necessitate finding neurons “pre-
tuned” for a missing limb may fall quite short given that we observe a shift in cortical
representation away from representation of the missing limb. Thus, the ability to train subjects to
control individual or groups of neurons for the purpose of controlling a brain machine interface
presents a powerful tool. This paradigm for training subjects to use a “new” set of neurons to
reach-to-grasp a robotic arm could be beneficial for patients who have been the recipients of

amputation (see Specific Aims 2 & 3).

Specific Aim 1

The first aim of my proposed work is to determine how populations of reach- and grasp- related
neurons in primary motor cortex interact with each other during reach-to-grasp movements. The
coordination of the transport and grasp components of reach-to-grasp behavior has been studied
extensively psychophysically (M. Jeannerod 1984; Haggard and Wing 1995; Gentilucci et al.
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1991). As stated earlier, psychophysical work has shown that the reaching of the proximal arm is
temporally and spatially coordinated with the distal hand preshaping as the object is approached.
However, it is not clear how populations of motor cortical neurons representing the movement of

proximal and distal joints of the upper limb participate in this coordination.

A recently favored approach analyzes the dynamics of neural ensembles using state space-
methods, where a high dimensional neural signal is described by a trajectory through a low-
dimensional space (M. Churchland et al. 2012; Shenoy, Sahani, and Churchland 2013). This
method, if extended to multiple neural ensembles, allows us to ask how the trajectories of
multiple neural populations, such as reach- and grasp- related populations coordinate with one

another.

Toward this aim, we simultaneously recorded from neurons in the primary motor cortices of two
rhesus macaques that performed a reach-to-grasp task to multiple objects in different locations.
By measuring temporal fluctuations in single-trial neural trajectories in reach- and grasp-related
ensembles, we found evidence of a corrective mechanism which reduced the asychronies
between the two ensembles’ fluctuations particularly during the middle of the movement. Using
Granger causality analysis on these fluctuations, we also found this coordination to be bi-

directional.

Specific Aims 2 & 3

The second and third aims of my work examine how “mechanisms” for the coordination of
reach-to-grasp movements at the level motor cortex are developed by looking at how they
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emerge in a novel and artificial context through the use of brain-machine interfaces (BMIs).
Traditionally in the BMI field, researchers have used kinetic or kinematic decoders that are tuned
for particular kinetic or kinematic features in intact animals that have been trained for specific
types of tasks. In this regard, the ability to train subjects to control individual or groups of
neurons for the purpose of executing a novel behavior through the use of operant conditioning

presents a powerful new paradigm.

The focus of my work then shifts to what it means to learn in the context of a brain-machine
interface, and use this as a model to study learning to coordinate a novel motor behavior. In the
2009 study by Ganguly, a decoder was trained for direction of motion using neurons being
recorded from primary motor cortex while rhesus macaques performed a center-out task
(Ganguly and Carmena 2009). After the monkey had learnt how to do this task successfully, the
decoder coefficients were shuffled. The monkey was able to learn how to use the decoder with
the new decoder coefficients after just three days of training. However, it is important to note
that the macaque had already been trained for the task at hand using the same neurons in the

decoder, but with different coefficients.

The work of Eberhard Fetz motivated a slightly different approach that we used in this study. In
his work, monkeys were operantly conditioned to control the firing rates of individual motor
cortical neurons with the use of biofeedback (E. E. Fetz 1969; E. E. Fetz and Baker 1973;
Eberhard E. Fetz 2007). This work presented a powerful possibility: the ability to train monkeys
to control groups of neurons for the purpose of executing a particular task through the use of

operant conditioning.
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The motivations for this study were two-fold. First, this paradigm gave us a unique model for
studying the development of coordination of a novel motor behavior through functional plasticity
at the level of cortex. By creating a direct, causal connection between the primary motor cortex
and the robotic plant, bypassing spinal cord and muscular dynamics, we ensured that any
learning at the behavioral level was directly linked to changes in primary motor cortical activity.
Second, if it is possible to train subjects to perform a naturalistic motor task with neurons using
an essentially artificial mapping, this could have tremendous implications for patients who have
suffered from peripheral nerve damage, or been the recipients of amputations. Much work has
gone into showing that after amputation or peripheral nerve damage, there is somatotopic
remapping in the cortical area previously involved in the control of the lost limb (J. N. Sanes et
al. 1988; J. N. Sanes, Suner, and Donoghue 1990; Schieber and Deuel 1997; Wu and Kaas 1999;
Qi, Stepniewska, and Kaas 2000). As such, single and multi-unit activity recorded from arrays
implanted into reorganized motor cortex may not be reliably “pre-tuned” for kinematic or Kinetic
features to nearly the same degree. This paradigm could be used as a tool to help the almost 2

million people living in the United States who have amputations (Ziegler-Graham et al. 2008).

To address the second and third aims, this portion of my work will examine the emergent
coordination underlying the learning of a novel reach-to-grasp movement in a brain machine
interface context. Through the use of operant conditioning, we taught rhesus macaques to control
a robotic arm to reach to, grasp, pull, and drop an object using neurons from their primary motor
cortices. First, we demonstrated proof-of concept, testing whether monkeys could learn to

coordinate independent reaching and grasping control dimensions in the BMI task. We found
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that stereotypical patterns emerged and stabilized in the cross-covariance between the reaching
and grasping velocity profiles, between pairs of neurons involved in decoding reach and grasp, as
well as between other stable neurons in the network. The possibility of training subjects to
perform a naturalistic motor task by modulating cortical neurons using an artificial mapping and
of potentially influencing network activity in a lasting manner could have clinical implications

for patients with amputations or strokes.
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II. NEURAL COORDINATION DURING REACH-TO-GRASP
Abstract

When reaching to grasp, we coordinate how we preshape the hand with how we move it. To ask
how motor cortical neurons participate in this coordination, we examined the interactions
between reach- and grasp-related neuronal ensembles while monkeys reached-to-grasp a variety
of different objects in different locations. By describing the dynamics of these two ensembles as
trajectories in a low-dimensional state space, we examined their coupling in time. We found
evidence for temporal compensation across many different reach-to-grasp conditions such that if
one neural trajectory led in time, the other tended to catch up, reducing the asynchrony between
the trajectories. Granger causality revealed bi-directional interactions between reach and grasp
neural trajectories beyond that which could be attributed to the joint kinematics that were
consistently stronger in the grasp to reach direction. Characterizing cortical coordination
dynamics provides a new framework for understanding the functional interactions between

neural populations.

Introduction

The focus of cortical motor neuroscience has been shifting from the question of representation to
the question of neural dynamics (M. Churchland et al. 2012; Shenoy, Sahani, and Churchland
2013; Todorov and Jordan 2002; Todorov 2004; Scott 2004; Cheng and Sabes 2006). To analyze
such neural dynamics, a standard approach is the use of state space methods, where a high-
dimensional neural signal is described by a trajectory through a low-dimensional space. These
methods can also allow us to ask how the trajectories of two neural populations, such as reach-

and grasp-related populations, coordinate with one another. The temporal and spatial
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coordination of transport and grasp components during reach-to-grasp behavior has been studied
extensively in psychophysics experiments (M. Jeannerod 1984; Haggard and Wing 1995), and
the development of this coordination has been studied in infants and children (Claes von Hofsten
1984; Kuhtz-Buschbeck, Stolze, Johnk, et al. 1998; Wimmers et al. 1998). The hand preshapes
itself during transport such that when the arm reaches the object, the grasp aperture and
orientation of the hand match the required configuration to grasp the object. Other work has
posited that during reach-to-grasp, the nervous system is concerned with finding suitable
positions for the thumb and fingers on the object's surface, and then moving them there (Smeets
and Brenner 1999). In both scenarios, populations of motor cortical neurons may need to control

the hand and arm in a tightly coordinated fashion.

Previous studies have touched on the cortical basis of coordinating reach-to-grasp movements
but have focused on single neuron responses or pair-wise correlations. It has been shown that
neurons in primary motor cortex (MI) modulate sequentially during a reach-to-touch task such
that shoulder- and elbow-related cells (assessed via intracortical microstimulation effects on the
same electrode sites from which the cells were recorded) begin firing on average about 60 ms
before wrist and finger-related neurons consistent with the proximal-to-distal sequencing of
muscle activation evident in this task as well as in many other multi-joint motor behaviors
(Murphy, Wong, and Kwan 1985). In premotor cortex, pair-wise correlations between small
groups of neurons have been shown to carry information about particular reaching and grasping
combinations even though the constituent neurons’ firing rates only carried information about
either reaching or grasping (Stark et al. 2008). However, these studies have not examined how

the dynamics of large neural ensembles coordinate during this reach-to-grasp behavior.
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Here we simultaneously recorded from multiple MI neurons of two rhesus macaques who
performed a reach-to-grasp task to multiple objects in different locations. By measuring temporal
fluctuations in single-trial neural trajectories in reach- and grasp-related ensembles, we found
evidence of a corrective mechanism which reduced the relative timing between the two
ensembles’ fluctuations particularly during the middle of the movement.  Using Granger

causality analysis on these fluctuations, we also found this coordination to be bi-directional.

Materials & Methods

The materials and methods used to collect this data were previously described in Saleh et al.; the
same data were used for both studies (Saleh, Takahashi, and Hatsopoulos 2012). All surgical and
behavioral procedures involved in this study were approved by the University of Chicago
Institutional Animal Care and Use Committee and conform to the principles outlined in the

Guide for the Care and Use of Laboratory Animals.

Behavioral Task

Two female rhesus macaques (Monkey O, 6.6 kg, age 7; Monkey A, 6.5 kg, age 7) were trained
to reach for, grasp, hold, and release objects presented to them by a robot. Each trial was
comprised of four periods: a pre-movement period, a movement period when reaching to grasp
the object occurred, a hold period, and a release period, where the robot retracted the object (See
Fig. 1a). The animal’s vision was blocked during the pre-movement period, during which the
macaque rested her hand on a button. The vision block was then retracted, and the animal
proceeded to reach and grasp the object. Once the object was grasped, the animal was required to
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hold the object until it was retracted by the robot at which point the object was released. Five
different objects/orientations were used for this study, each of which was presented repeatedly in
blocks of trials. The first was a key-like object that required a key grip, where the monkey held
the object between the thumb and the side of the middle phalanx of the index finger. The second
object, the D-ring object, was presented in a vertical and horizontal configuration that elicited a
whole-hand power grip in two different wrist orientations (neutral, and pronated). The two
configurations were treated as separate objects for the purposes of this study. The fourth object
was a smaller D-ring, which elicited a precision grip, where the tips of the index and thumb were
opposed. The fifth object, a sphere, required a whole-hand grip with a fanning of the fingers.
Objects were presented at seven different locations (at varying azimuthal and elevation angles
and depths) in pseudo-random order such that the macaque could not predict the object location

on any given trial.

Neural Data Acquisition

Each macaque was chronically implanted with a Utah 100-electrode (400 mm inter-electrode
distance, 1.5 mm electrode length; Blackrock Microsystems) microelectrode array in the upper
limb area of M1 in the left hemisphere. During recording sessions, signals were amplified (gain
5000x), bandpass filtered between 0.3 Hz and 7.5 kHz, and digitized at 30kHz using the Cerebus
Neural Data Acquisition system (Blackrock Microsystems). A high pass filter of 100Hz was
applied for the spikes. The units were spike sorted offline using a semiautomated, Matlab routine
(Mathworks) developed in our laboratory (courtesy of Jacob Reimer), incorporating some

elements of a previously published algorithm (C. Vargas-Irwin and Donoghue 2007). We used 33
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and 42 units for Monkey O’s first and second datasets respectively, and 37 and 50 units for

Monkey A’s first and second datasets respectively.

Motion Tracking

The 3-D positions of the macaque's right arm, wrist, and fingers were recorded using a video-
based motion analysis system (Vicon Motion Tracking System, Workstation 460); six M2
cameras were used at 1.2 megapixel resolution. Spherical retro-reflective markers (3 mm
diameter) were glued to the macaque’s fingers, hand, and forearm. A scaled version of a skeletal
model of the arm (Holzbaur, Murray, and Delp 2005) was developed using the OpenSim
platform (https://simtk.org/home/opensim) and used to compute joint kinematics of the shoulder,
elbow, wrist, and fingers. The 17 joint angles are described in detail in Saleh et al (Saleh,
Takahashi, and Hatsopoulos 2012). The joint angles computed for the shoulder were rotation
about the coronal plane (abduction/adduction), rotation about the sagittal plane
(flexion/extension), and rotation about the upper arm. We computed the angle of
flexion/extension for the elbow. For the wrist, we computed the angles of flexion/extension,
ulnar/radial deviation, and pronation/supination. We computed flexion/extension at the carpal-
metacarpal joint of the thumb, at the metacarpophalangeal joints of the thumb, index, and ring
fingers, and at the proximal interphalangeal joints of the thumb, index, and ring fingers. In
addition, we computed the abduction/adduction of the thumb, index, and ring fingers (Saleh,
Takahashi, and Hatsopoulos 2012). A synchronizing pulse was sent to both recording systems
every 150 ms using a custom software package (TheGame, version 2) in order to align the
kinematics with the neural data. The kinematic data were sampled at 250 Hz and bidirectionally

filtered with a fourth-order Butterworth low-pass filter with a 6 Hz cutoff.

33



Analytical Methods: GLMs

We classified neurons as primarily related to either the reach component or the grasp component
of movement by fitting generalized linear models with a log link function and Poisson error
distributions relating either the set of proximal (shoulder and elbow) or distal (wrist and finger)
joint velocities to the firing rates of individual neurons. Neurons whose activity could be better
predicted through a model using only proximal joint velocities were labeled as reach-related (See
Figure 2.1c), and those through a model using only distal joint velocities, grasp-related (See
Figure 2.1d). For this part of the analysis, the neural data and the kinematics were downsampled
to 50 Hz. For the remainder of the analysis, the neural and kinematic data were both analyzed at
250 Hz or a sampling interval, T, of 4 ms. To allow neural responses to have different latencies
with respect to kinematics, we used a stack of kinematics with different delays as regressors. In
line with a previous study (Saleh, Takahashi, and Hatsopoulos 2012), we used 11 different
delays ranging from a lead time of 40 ms (neuron fires after movement) to a delay time of 160
ms (neuron fires before movement). The mean pseudo R-squared (Heinzl and Mittlbock 2003)
across the runs of a ten-fold cross validation was used to select the neurons; those with a larger

pseudo R-squared for the reach model were classified as reach-related and vice versa.

Analytical Methods: PCA

Instead of looking at the firing activity of each of the neurons in a population separately
throughout the task, we used principal component analysis (PCA) to reduce the dimensionality of
a population’s firing activity in order to interpret the interaction between the two populations of

neurons. First, each dataset was subdivided by condition, defined by the object type and location,
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for a total of 35 (5 objects x 7 locations) conditions. The firing activities of all of the neurons
were smoothed with a Gaussian kernel 100ms in width, and then all of the trials in the condition
were concatenated, resulting in a matrix whose dimensions were number of neurons by the
number of timepoints in all of the trials for that condition. We applied PCA to reduce the
neuronal dimension of this matrix for every condition in each of the datasets. For each dataset,
we chose between 3 and 8 components to describe the firing activity of the neural population in
this reduced subspace, so as to account for at least 80% of the variance in the neural data

throughout the course of the trial (See Figure 2.2a).

Results

We recorded simultaneously from between 33 to 50 MI neurons while macaques made reach-to-
grasp movements to five different object types presented at seven different locations. Neurons
were classified as primarily related to either the reach or grasp component of movement by
fitting generalized linear models. Classifying neurons in M1 as either reach- or grasp-related
based on limb kinematics is challenging because the kinematics of the proximal and distal joints
of the upper limb are highly correlated during natural reach-to-grasp movements. In fact, we
found that neurons whose activity could be well-predicted with a model using only the proximal
(i.e. shoulder and elbow, see Methods) joint velocities tended to be well-predicted by a model
using only the distal (i.e. wrist and fingers, see Methods) joint velocities (Figure 2.1b). Neurons
whose activity could be better predicted with a model using only proximal joint velocities were
labeled as reach-related (Figure 2.1c), and those better predicted with a model using only distal
joint velocities as grasp-related (Figure 2.1d). For monkey O, 45% of the neurons were classified
as reach-related and 55% of the neurons were classified as grasp-related for the first dataset, and
35% reach-related and 64% grasp-related for the second dataset. For monkey A , 32% of the
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neurons were classified as reach-related and 66% were classified as grasp-related in the first

dataset, and 34% reach-related and 66% grasp-related in the second dataset.
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Figure 2.1 Reach- and Grasp-related Neurons (a) Each trial was comprised of four periods: a
pre-movement period, reaching to grasp the object, a hold period, and a release period. (b) Pseudo
R? values for reach encoding models versus the grasp encoding models for each neuron in all four
datasets (c/d) Raster plots for one exemplary reach-related (c) and one exemplary grasp-related
(d) neuron for monkey O reaching to grasp each of the different objects at each of the different
locations. Peri-event time histograms shown for each object at each location.
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In order to study the coordination between populations of M1 neurons during reach-to-grasp, we
first verified that the macaques were temporally coordinating arm movement and hand
prehension (Figure 2.2b). We found that the time of peak deceleration of the monkey’s arm was
significantly correlated with the time of maximum aperture of their hand, as is seen in human
psychophysics studies (M. Jeannerod 1984). In particular, we found that the time of maximal
flexion of the carpal-metacarpal joint of the monkey’s thumb, a proxy for maximum aperture,
was correlated with time of peak deceleration of the monkey’s wrist, with a Pearson linear
correlation coefficient of 0.298 (Monkey O, p<.001, t =12.245, DOF=1534) and 0.260 (Monkey
A, p<.001, t =11.788, DOF=1918) for each monkey. Observation of this hallmark of coordinated
reach-to-grasp allowed us to ask how populations of motor cortical neurons interacted with each

other to achieve this coordination.
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Figure 2.2 Trajectory Analysis (a) Percent of variance explained by reach-related and grasp-
related neural and kinematic data for Monkey O (pink, purple) and Monkey A (orange, red) as a
function of the number of principal components. (b) Time of maximal flexion of the carpal-
metacarpal joint of the thumb, a proxy for maximum aperture, plotted against time of peak wrist
deceleration for all of the trials in one dataset where Monkey O was reaching to grasp the
vertical D-ring. (c) Kinematic trajectories of proximal (reach-related) and distal (grasp-related)
joints in a reduced dimensional space. Trials shown are for condition A where one monkey
reached to grasp a sphere at one location and condition B where the same monkey... (continued)
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(continued) ...reached to the vertical D-ring at a different location. Mean trajectories for the
condition are shown as thick lines. (d) Neural population trajectories of reach-related and grasp-
related activity in reduced dimensional space for the same two conditions. Mean trajectories for
the condition are shown as thick lines. Color gradients in (c) and (d) reflect time from the
beginning (red/green) to end (black) of the trial.(e) Cartoon illustration of a single trial (gray)
reach-related trajectory and mean trajectory (black thick line) projected onto a local
approximation of the mean trajectory (black dotted line) in two dimensional principal component
space. The projections are in the purple and blue, respectively. (Samples from other trials are
also shown as gray dots.) The ratio of the difference between the two projections (i.e. the single-
trial onto the local approximation to the mean minus the mean onto the local approximation to
the mean) and the length of the approximation of the mean trajectory (turquoise) is used to
convert the deviations into units of time. (f) Deviations for reach and grasp neural trajectories
plotted against each other for all of the trials in one dataset (Monkey O).

We examined single-trial neural trajectories of the reach and grasp populations in a reduced
subspace using principal components analysis (see Methods). For each dataset, we chose
between 3 and 8 components to describe the population activity so as to account for at least 80%
of the variance in the data (Figure 2.2a). Each dataset was subdivided by condition, defined by
the object type and location for a total of 35 (5 objects x 7 locations) conditions. Given that the
trajectories of the proximal and distal joints were fairly stereotyped within a particular
condition—i.e. the monkey made very similar movements to reach and grasp the same object
presented at the same location (Figure 2.2c), the neural trajectories of the reach and grasp
populations (Figure 2.2d) were also fairly stereotyped. We took advantage of this to compute
mean reach and grasp neural trajectories for each of the conditions in the reduced dimensional
space. The trial-averaged neural trajectory for a particular condition was thus used to represent
the ideal, stereotyped dynamics of the neural ensemble when the monkey was reaching to grasp

that particular object at that particular location.

Assuming that each of the neural populations would tend towards this stereotyped behavior, we

compared the neural population trajectories for each trial to the trial-averaged trajectories by
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measuring the temporal deviations of each trial’s neural trajectory from the mean neural
trajectory as a function of time. At each time point during the trial, we projected the single-trial
trajectories and mean trajectory onto a local approximation to mean trajectory (Figure 2.2e).
Thus, for trial i, every time point had an associated temporal deviation, §;(t), from the mean,
defined as the amount of time the reach or grasp neural trajectory was leading (or lagging) the

mean trajectory:

[proj; () — PT0Jmean(t)]
L;(¢)

Equation 2.1

where T is the sampling interval (i.e. 4 ms), proj;(t) is the projection of trial i at time
point t onto a local approximation to the mean trajectory, projme.q.n(t) is the projection of the
mean trajectory at same time point onto the local approximation to the mean trajectory, and L;(t)

is the length of the local approximation to the mean trajectory from time point t-1 to t+1.

Measuring how far both neural populations were along their own stereotyped behavior gives us a
window into how synchronized their behavior is. Overall, the reach-related and grasp-related
populations’ deviations from their respective means were significantly correlated, with
correlation coefficients of 0.3856 (p=0, t =108.676, DOF=67611) and 0.4632 (p=0, t =140.585,
DOF=72343) for monkey O’s first (Figure 2.2f) and second datasets, and 0.107 (p=0, t =30.595,
DOF=80806) and 0.0818 (p=0, t =25.167, DOF=94092) for monkey A’s first and second
datasets, indicating that the degree to which each population tends towards stereotyped behavior

is linked.
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Figure 2.3 Inter-Population Asynchrony (IPA) and Compensation (a) Illustration of
compensation effect when reach-related trajectory lags grasp-related neural trajectory. (b) Inter-
population asynchrony (IPA) plotted against change in IPA for one interval in one dataset
(Monkey O) (c) Slope of compensation (vertical pink line), distribution of shuffled slopes of
compensation (gray), and 95% confidence level (vertical black line) for one interval in one
dataset (Monkey O) (d) Time constants of compensation (pink), distribution of shuffled time
constants of compensation (gray), and 95% confidence level (black) for one ... (continued)
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(continued)...interval in one dataset (Monkey O) (e) Slopes of compensation (colored) and mean
shuffled slopes of compensation (gray, with 5% and 95% confidence levels after Bonferroni
correction) for the neural data plotted throughout the course of movement. Intervals with
significant compensation effects are starred; time constants are shown in blue. (f) Slopes of
compensation and shuffled slopes of compensation (gray, with 5% and 95% confidence levels
after Bonferroni correction) for the kinematic data plotted throughout the course of movement.
Intervals with significant compensation effects are starred; time constants are shown in blue. (g)
Divergence of neural compensation slope from 95% confidence level (after Bonferroni
correction) of shuffled slopes for both monkeys. (h) Divergence of kinematic compensation
slope from 95% confidence level (after Bonferroni correction) of shuffled slopes for both
monkeys.

We defined a quantity called the Inter-Population Asynchrony (IPA) as the difference between
the two populations’ temporal deviations from their respective means in order to quantify this
degree of coupling (Equation 2). Analogous to previous psychophysical work that has used
perturbations to study the characteristic coupling of the transport and aperture components of
reach-to-grasp (Haggard and Wing 1995), we examined fluctuations in IPA;(t) to examine the

temporal coordination between the reach- and grasp-related neural trajectories (Figure 2.3a).

IPA;(t) = 877%P () — 872" (¢)
Equation 2.2

The primary question we addressed in this study was whether a compensatory mechanism
existed to correct for transient increases in the asynchrony between the two populations’ neural
trajectories. That is, if one population’s neural trajectory started to lead or lag the other, would
either or both populations’ neural trajectories compensate such that they would once again
become synchronized (i.e. IPA=0). To do this, we analyzed how asynchronies tended to diminish

in time. We found that an inverse relationship existed between the IPA and its instantaneous
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temporal derivative, such that larger positive asynchrony was associated with a larger negative
derivative in asynchrony and vice-versa (Figure 2.3b, Equation 2.3). That is to say, the larger the
difference in the degree to which both neural populations were following their respective
stereotyped behavior, the more quickly that both would work to correct for this difference. This

compensation effect reflected a proportional control law, indicating an exponential decay in

asynchrony (Equation 4) with a time constant of 1/a inversely proportional to the relationship
between the IPA and its instantaneous temporal derivative. In order to assess how the time
constant associated with this decay in IPA varied over the course of movement, we divided trials
into intervals and examined the relationship between the IPA and its instantaneous derivative in
each interval. Each interval was 40 ms long; there was one interval prior to movement onset, and
eight intervals after. Although trials were approximately the same length, there was variability in
when individual trials ended during the last interval, making the data less interpretable. Thus,

only the first eight intervals were considered for the remainder of the analysis.

AIPA(t)

—a - IPA
pr a - IPA(t)

Equation 2.3

IPA(L) & e~at

Equation 2.4

Since we collected data from both populations of neurons simultaneously, this patterning could

be a result of both populations independently and simultaneously regressing to their respective
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means. To address this issue, we shuffled the trial order of the reach- and grasp-related neural
population trajectories within each reach-to-grasp condition. For example, the reach-related
neural population trajectory on a trial where the monkey reached to grasp a sphere at a specific
location would be paired with a grasp-related neural population trajectory on a different trial in
the same condition. After shuffling, any trial-specific, temporal coordination between the two
populations’ trajectories would be destroyed. We shuffled the trial order and performed the same
analysis 1000 times, looking at the temporal evolution of the IPA and its temporal derivative

over the course of the movement.

The distribution of the slopes generated by the analysis of the shuffled data was compared to the
slope generated by the original data for each interval (Figure 2.3c). The same comparison was
made between the time constants generated by the shuffled data and the original data for each
interval (Figure 2.3d). If the original slope was less than 95% of the shuffled slopes for a
particular interval after Bonferroni correction, it was considered to be significant. We found that
the presence of a significant compensation effect towards the middle of the movement (between
60 ms to 220 ms after movement onset; average movement duration was 324 ms); this effect was
present in at least one interval towards the middle of the movement in 88.57% and 80% of the 35
reach-to-grasp conditions for monkey O datasets, and 42.86% and 16% for monkey A’s datasets
(p<0.05, one-tailed, non-parametric shuffling test) respectively. In all of the datasets, all of the

significant time constants ranged were100 ms or shorter (Figure 2.3e).

In order to understand the importance of such inter-neuronal dynamics during coordinated reach-

to-grasp, we analyzed and compared their relationships with kinematics. We performed the same
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analysis on the kinematic trajectories of proximal and distal joints by examining them in a
reduced subspace using principal components analysis; we computed trial-averaged trajectories
of the proximal and the distal joint velocities for each condition. As with the neural data analysis,
we measured deviations from the mean by projecting single-trial kinematic trajectories onto the
trial-averaged kinematic trajectories. Thus, much like the neural trajectories, every point on the
kinematic trajectories of either the proximal or distal joints had an associated temporal deviation.
By comparing the asynchrony between the proximal and distal joint deviations to its
instantaneous temporal derivative, we found patterns of compensation with significant time
constants in the kinematic data (Figure 2.3f).

In order to better assess the relationship between the kinematic compensation and the
neural compensation, we examined how the slopes of the compensation effect diverged from the
95% confidence level of the slopes generated from the shuffled data by subtracting the 95%
confidence level (after Bonferroni correction) from the unshuffled slopes. In both of Monkey O’s
datasets and Monkey A’s 1% dataset, we found that this divergence increased during the
movement, indicating a quicker compensation effect that cannot be explained by both trajectories
independently regressing to their own means. This patterning was present in both the neural

(Figure 2.3g) and the kinematic (Figure 2.3h) trajectory dynamics in all four datasets.
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Figure 2.4 “Reachiest” & “Graspiest” Neurons (a) Histogram of differences between the
pseudo R-squared values for the models based on reach-related and grasp-related kinematics for
all of the datasets (b) The subpopulations were comprised of 10 “reachiest” and 10 “graspiests”
neurons. Slopes of compensation (black) and mean shuffled slopes of compensation (gray, with
5% and 95% confidence levels after Bonferroni correction) are plotted throughout the course of
movement. Intervals with significant compensation effects are starred; time constants are shown

in black.

As stated earlier, classifying neurons in M1 as either reach- or grasp-related based on limb
kinematics is challenging because the kinematics of the proximal and distal joints of the upper
limb are highly correlated during natural reach-to-grasp movements. Given that this

classification is actually a continuum (see Figure 2.1b), we reran this analysis on subpopulations
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of the 10 “reachiest” and 10 “graspiest neurons; we found significant compensation effects in
three of the four datasets (Figure 2.4). In addition, to measure how sensitive the compensation
dynamics were to this partitioning into reach vs grasp subpopulations, we randomly partitioned
the neurons into two subpopulations one hundred times, preserving the respective sizes of the
subpopulations: one population was the same size as the original reach-related population and
the other, the same size as the original grasp-related population. We repeated all of the previous
analysis for each of the population partitions to generate the slopes and time constants associated
with the compensation for each partition; examining the spread of these slopes and time
constants gave us an idea of how sensitive our results were to the original reach or grasp
population partition. Judging from the mean slopes for all of these partitions it was evident that
the compensation dynamics were still present for random partitions of the population, but not to

the same extent as the original reach- and grasp-related partition (Figure 2.5).
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Figure 2.5 Random Population Divisions Neurons were randomly partitioned into the two
subpopulations 100 different times. The original compensation slopes (and time constants) for
the reach/grasp partitions are shown in black. The compensation slopes averaged over all random
partitions are shown in gray, along with the 5% and 95% spread (after Bonferroni correction).

We next used Granger causality to assess directed causal influences between all combinations of
the reach- and grasp-related neural deviations and the reach- and grasp-related kinematic
deviations. We quantified the ability of the past deviations of one type to predict the present
deviations of another type. We compared a full model that predicted one deviation using
regressors that included the past of all four deviation trajectories with a model where the
regressor of interest was removed (Seth 2010). We set the maximal model order to 10 lags (40
ms), and used the Bayesian Information Criterion to select the model order which resulted in a
model order of 10 lags for each dataset. We found the significance of the Granger causal

relationships using an F-test, and then corrected for multiple comparisons using Bonferroni
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correction. This analysis was done using the Granger Causal Connectivity Toolbox and methods

developed by Anil Seth (Seth 2010).
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Figure 2.6 Granger Causality Relationships (a/b) Magnitude of significant Granger causality
relationships computed using the full model (a) and neural model (b). Black bars indicate
magnitude of Granger causality directed from Reach to Grasp neural deviations whereas gray
bars indicate magnitude of Granger causality directed from Grasp to Reach neural deviations

For three of the datasets, we found significant bi-directional Granger causal relationships
between the deviations of the reach- and grasp-related neural trajectories (Monkey O dataset 1
reach to grasp: p<.001, F=7.575, DOF=(1,66866); Monkey O dataset 1 grasp to reach: p<.001,
F=47.625, DOF=(1,66866); Monkey O dataset 2 reach to grasp: p<.001, F=18.949,
DOF=(1,71546); Monkey O dataset 2 grasp to reach: p<.001, F=25.573, DOF=(1,71546) ;
Monkey A dataset 1 reach to grasp: p<.001, F=8.731, DOF=(1,79916); Monkey A dataset 1
grasp to reach: p<.001, F=20.866, DOF=(1,79916)). For the fourth dataset (i.e. 2™ dataset from
monkey A), we only found a significant Granger causal relationship from the deviations of the
grasp-related neural trajectories to the reach-related neural trajectories (Monkey A dataset 2
grasp to reach: p<0.002, F=5.172, DOF=(1,93056)). In all of the datasets, there was stronger

“causal” influence from the grasp-related to the reach-related neural deviations than from the
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reach-related to the grasp-related neural deviations (Figure 2.6a). In addition, using a model that
incorporated only the neural deviation trajectories and setting the model order to 2 lags (8ms),
we also found significant bi-directional Granger causal relationships between the deviations of
the reach- and grasp-related neural trajectories that were stronger for the first three datasets
(Monkey O dataset 1 reach to grasp: p<.001, F=7.459, DOF=(1,66868); Monkey O dataset 1
grasp to reach: p<.001, F=198.992, DOF=(1,66868); Monkey O dataset 2 reach to grasp: p<.001,
F=54.9, DOF=(1,71548); Monkey O dataset 2 grasp to reach: p<.001, F=110.607,
DOF=(1,71548); Monkey A dataset 1 reach to grasp: p<.001, F=39.899, DOF=(1,79918);
Monkey A dataset 2 grasp to reach: p<.001, F=124.684, DOF=(1,79918)) than for the fourth
dataset (Monkey A dataset 2 reach to grasp: p<0.004, F=9.899, DOF=(1,93058); Monkey A
dataset 2 grasp to reach: p<0.004, F=12.606, DOF=(1,93058)). These “causal” relationships

were also stronger from grasp- to reach-related neural deviations than vice-versa (Figure 2.6b).

Discussion

We have introduced a novel approach to quantifying the coordination dynamics of neural
ensembles in the context of reach-to-grasp. We found that the trajectories of the reach-related
and grasp-related neural populations were temporally coupled over the course of movement such
that any transient asynchrony in time progression between the two trajectories was corrected for
by a proportional control mechanism. These coordination dynamics between the two neural

populations were observed in a large variety of different types of reach-to-grasp behaviors.

We found that the compensation dynamics were still present for random partitions of the

population, but were slower as compared to the original reach- and grasp-related partition (see
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Figure 2.5). The presence of compensation dynamics even for random partitions is perhaps not
surprising given that the upper limb area of MI forms a highly interconnected network of
neurons with highly overlapping movement representations. ICMS studies have shown that
nearly half of stimulation sites in MI evoke twitches in both proximal and distal muscles
particularly on the precentral gyrus where we implanted our electrode arrays (Park et al. 2001;
Park, Belhaj-Saif, and Cheney 2004). Several reach-to-grasp studies have shown that the
responses of a large percentage of individual MI neurons were more accurately predicted by
considering both proximal and distal kinematics, thereby accounting for the inherent correlations
in proximal and distal kinematics in reach-to-grasp (C. E. Vargas-Irwin et al. 2010; Saleh,
Takahashi, and Hatsopoulos 2012). According to this perspective, the neural coordination we

observed is a broader property of the entire upper limb area of motor cortex.

The time constant of this compensation effect generally ranged from around 10 ms to 90 ms. The
longer durations in this range were greater than the shortest possible transmission time from
motor cortex down to the periphery and back up to cortex as measured by the long-latency loop
time (Witham et al. 2011; Cheney and Fetz 1984). However, it is unlikely that the temporal
coupling we observed between reach-related and grasp-related populations in MI is solely
mediated by signaling though the periphery. The Granger causality analysis indicated that
current temporal deviations in one population’s neural trajectory could not be explained solely
from the past deviations of limb kinematics but required knowledge of the past deviations of the
second population’s neural trajectory. This suggests that the temporal coupling between the two

populations was not only due to interactions via the periphery. In addition, the Granger causality
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analysis indicated that causal interactions between the two neural populations’ deviations

occurred at very fast timescales, on the order of 8 ms.

We found that these Granger causal relationships were also stronger from grasp- to reach-related
neural deviations than vice-versa, although bidirectional relationships were present in three of
the four datasets.  The arm and hand constitute a biomechanically linked chain of limb
segments, and as such motion about one joint induces interaction torques on the other. However,
given the larger inertial properties of the arm as compared to the hand, interaction torques on the
distal limb segments induced by motion of the shoulder and elbow are larger than interaction
torques on the proximal limb segments due to motion of the wrist and fingers (Galloway and
Koshland 2002; Ambike and Schmiedeler 2013). Therefore, when temporal deviations in the
neural state associated with the distal joints occur, it may be particularly important for these
deviations to inform the deviations of the proximal joints than vice-versa. In other words, the
asymmetry in interaction torques from proximal to distal joints may be compensated for by an

asymmetry in neural communication from distal to proximal joint representations.

The compensation effects were more evident for Monkey O's two datasets than for Monkey A's
two datasets, particularly in the case of Monkey A's second dataset. One key difference in this
dataset is that we had more neurons (50 as compared with 33, 37, and 42), and needed more
principal components to describe this dataset, which may have contributed to differences in the
results. It is also true that for datasets in which the reach- and grasp-related neural deviations are
more strongly correlated, we see a greater degree of neural compensation divergence (Figure

2.39). We hypothesize that a greater correlation between the deviation types could increase the
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accuracy of our estimation of compensation effects, since we have more data points at which the
trajectories are coupled. This effect is evident when we compare the results for data aggregated
over all of the conditions to those calculated for each condition. In the aggregate case (Figure
2.3e), all of the datasets have between 4 and 6 intervals with significant compensation. The
difference becomes stark when examining the compensation effects within each condition:
Monkey A’s datasets only have significant compensation present in 42% and 16% of the
conditions, while Monkey O's datasets have effects presents in 80% and 88% of the conditions.
We propose that the globally weaker results in the case of Monkey A do not necessarily indicate

a lesser degree of compensation, but a decreased ability to accurately estimate compensation.

Our approach is limited in revealing how these dynamics causally affect coordination. In
psychophysics studies, behavioral perturbations are used to establish causality (Haggard and
Wing 1995). Similarly, electrical and optogenetic stimulation could be used to establish causality
(Diester et al. 2011; Liu et al. 2012). In this study, as a first step towards establishing causality,
we incorporated limb kinematics as a proxy for common input and found significant interactions

between the two neural populations above and beyond the effects of the common kinematics.

This work extends previous research that has focused on quantifying the dynamics of individual
populations (M. M. Churchland et al. 2010; M. Churchland et al. 2012; Mante et al. 2013;
Shenoy, Sahani, and Churchland 2013; Kaufman et al. 2014). These approaches characterize the
dynamics of neural activity through their trajectories in a low dimensional projection. Our
approach generalizes this approach, by dividing the population into functionally defined subsets

and analyzing the relations between trajectories during behavior. This could be adapted to
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analyze coordination within any brain region and, more importantly, between brain areas. Being
able to monitor cortical coordination dynamics is a first step towards understanding how

interactions across populations of neurons give rise to coordinated behavior.
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1. EMERGENT COORDINATION UNDERLYING LEARNING TO REACH-TO-GRASP
WITH A BMI

Abstract

As children age, their inter-joint coordination becomes more stereotyped (Claes von Hofsten
1984; Kuhtz-Buschbeck, Stolze, Johnk, et al. 1998). Less is known about the role of motor
cortex in developing coordinated reach-to-grasp. Similarly, studies have shown that after
amputation, the cortical area previously involved in the control of the lost limb undergoes
reorganization (J. N. Sanes et al. 1988; J. N. Sanes, Suner, and Donoghue 1990; Schieber and
Deuel 1997; Wu and Kaas 1999; Qi, Stepniewska, and Kaas 2000), but limited work has focused
on developing BMIs that use neurons that are not tuned for kinetic or kinematic features. Here
we studied the emergence of coordinated reach-to-grasp behavior in rhesus macaques that had
been the recipients of therapeutic amputations, and were taught to cortically control a robotic
arm through operant conditioning using neurons that were not explicitly reach- or grasp-related.
Over the course of training, stereotypical patterns emerged and stabilized in the cross-covariance
between the reaching and grasping velocity profiles, between pairs of neurons involved in
decoding reach and grasp, and to a lesser extent between other stable neurons in the network. In
addition, we found that the degree to which a pair of neurons covary their modulation, either

positively or negatively, has a direct effect on the extent to which the behavior is coordinated.

Introduction

Around 185,000 amputations are conducted in the United States each year-- there are almost 2

million people living in the United States who have been the recipients of amputations (Ziegler-
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Graham et al. 2008). Over 5,000 service members in the U.S. Armed Forces had traumatic
amputations in the timespan of 2000 to 2011 (Armed Forces Health Surveillance Center
(AFHSC) 2012). A number of studies have shown that after amputation or peripheral nerve
damage, the cortical area previously involved in the control of the lost limb gets remapped to
areas that are somatotopically close by (J. N. Sanes et al. 1988; J. N. Sanes, Suner, and
Donoghue 1990; Schieber and Deuel 1997; Wu and Kaas 1999; Qi, Stepniewska, and Kaas
2000). It follows that these patients might not have the same degree of representation of the lost
limb in primary motor cortex. Moreover, because of the lack of an intact limb, a decoding
approach that maps neural modulation to intact limb movements is not possible. Past cortically-
controlled brain-machine interfaces (BMIs) have largely focused either on intact non-human
primates or short-term nerve blocks of the arm to model severe motor disabilities. In such cases,
neural decoders for limb/cursor control are initialized using a biomimetic technique where paired
measurements of neural signals and intact limb kinematics are available (Li et al. 2011; Ganguly
and Carmena 2009; Taylor, Tillery, and Schwartz 2002). Thus, we could not rely on finding
“arm” neurons or “hand” neurons to use to control a prosthetic arm for patients that have

undergone upper limb amputations.

Recent work has been shifting away from the traditional paradigm through the use of adaptive
decoding or by studying what happens when tuned decoders are perturbed during training
(Ganguly et al. 2011; Ganguly and Carmena 2009; Taylor, Tillery, and Schwartz 2002; L. et al.
2011; Mussa-lvaldi and Miller 2003; Willett et al. 2013; Orsborn et al. 2012). In this study, we

investigated whether we could teach animals to reach to grasp in a novel brain machine interface
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task using neurons that were not originally identified as “reach-related” or “grasp-related”

neurons.

This approach provides a unique window into plasticity at the level of motor cortex. By
establishing a direct, causal connection between the primary motor cortex and the robotic plant
that bypasses both spinal cord and neuromuscular dynamics, we can infer that any learning at the
behavioral level is directly due to changes in primary motor cortical activity. To this effect, we
examined the plasticity between pairs of neurons that are directly involved in BMI control, as
well as the plasticity associated with those that are not directly involved to further elucidate their

role in learning through our study.

In a similar vein, this paradigm also provided a way to study the development of a novel,
coordinated motor behavior at the level of cortex. Extensive psychophysical work has shown
that during reach-to-grasp, reaching of the proximal arm (reaching or transport component) is
temporally and spatially coordinated with the preshaping of the hand (grasp component) (M.
Jeannerod 1984; Haggard and Wing 1995). The development of this coordination has been
studied in infants and children (Claes von Hofsten 1984; Kuhtz-Buschbeck, Stolze, J6hnk, et al.
1998); they tend to have larger apertures, start prehension earlier, and rely more on visual
feedback than adults. As children age, their kinematic profiles and inter-joint coordination
become more stereotyped. Less well understood is the role of cortex in coordinating and learning

to coordinate reaching to grasp.
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Here we studied the emergence of coordinated reach-to-grasp behavior in rhesus macaques that
had been the recipients of therapeutic amputations, and were being taught to control a robotic
arm and hand via a cortically-controlled brain machine interface through the use of operant
conditioning. We examined how the coordination of this behavior was exhibited, both at the
behavioral and neural level. We focused our efforts on three primary questions: Can macaques
learn to coordinate independent reach and grasp control dimensions in a brain machine interface
task using neurons that are not explicitly “reach-related” or “grasp-related” to begin with? What
are the neural correlates of learning this coordination among the neural ensembles controlling
reaching and grasping? Finally, do we see similar correlates arise among neurons that are not

directly involved in BMI control, and how do these compare?

Methods

All surgical and behavioral procedures involved in this study were approved by the University of
Chicago Institutional Animal Care and Use Committee and conform to the principles outlines in

the guide for the Care and Use of Laboratory Animals.

Neural Recordings

Data used for this analysis was collected from two female rhesus macaques (Macaca mulatta)
monkeys that had been the recipients of therapeutic amputations. The Utah 100-microelectrode
arrays (Blackrock Microsystems, Salt Lake City, UT) used for this analysis were placed in the
forelimb region of primary motor cortex (M1) contralateral to the intact limb in Monkey K, and
in M1 ipsilateral to the intact limb in Monkey Z. Informed by prior work on the reorganization of
motor cortical somatotopy following amputation (J. N. Sanes et al. 1988; J. N. Sanes, Suner, and
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Donoghue 1990; Schieber and Deuel 1997; Wu and Kaas 1999; Qi, Stepniewska, and Kaas
2000), we stimulated the surface of motor cortex contralateral to the amputation and implanted in
a region that elicited movement of the shoulder and stump, bearing in mind the idea that this
region could have previously been part of the forelimb region prior to amputation. The electrodes
on the array were 1 mm in length. During a recording session, spike waveforms from up to 96
electrodes were amplified, filtered, and recorded digitally (14-bit) at 30kHz per channel using a
Cerebus acquisition system (Blackrock Microsystems). Units were sorted online with a hoop-
sorting algorithm (Santhanam et al. 2004); potential spikes were first identified when the filtered
voltage dropped below a user-defined threshold. These spikes were sorted by placing lower and

upper voltage thresholds (the “hoops™) at specific times relative to the initial threshold crossing.

Experimental Setup

The macaques were trained on a brain-machine interface task using an operant conditioning
paradigm. In this task, the macaque had to learn how to navigate two control dimensions of a
robotic arm in order to perform a reach-to-grasp task. The robot was composed of a 7 DOF
WAM arm attached to a 4 DOF Barrett Hand (Barret Technology, Inc.). The macaque
simultaneously learned to control the reaching motion, towards and away from the base of the
robot, and the grasping motion, opening or closing all three digits of the hand concurrently. A
successful trial would involve reaching-to-grasp a sphere placed on a board in front of the robot,
pulling it back, and finally dropping it. Using neurons identified using online spike sorting,
distinct clusters of functionally connected groups of neurons were created for the purpose of
controlling each control dimension (Eldawlatly, Jin, and Oweiss 2008). For Monkey K, each of

the clusters was 15 neurons, for Monkey Z, 10 neurons. Twenty-tap Wiener filter decoders were
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initialized in an unsupervised manner using spontaneous data from each ensemble of neurons
(Badreldin et al. 2013), binned at 50 milliseconds, these decoders remained static over the course
of the study. The macaques learned this mapping such that they could coordinate both control
dimensions in order to perform successful trials. Instruction was provided through operant
conditioning. In order to shape the behavior early on in the study, the macaques were rewarded
for making portions of the complete reach-grasp-pull-drop movement. As the animals started to
pick up the task, they were rewarded only for completed trials.
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Figure 3.1 Experimental Setup The macaque was taught to use neural cluster to reach (red) and
grasp (green) with a robotic arm. Twenty-tap Wiener filter decoders were initialized using
spontaneous data from each ensemble and remained static over the course of the study. The
macaques learned this mapping such that they could coordinate both control dimensions in order
to perform successful trials. Instruction was provided through operant conditioning (reward
feedback).

Results
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Reach-to-Grasp Behavior

The macaques were operantly conditioned to make complete reach-grasp-pull-drop movements.
For this study, we focused only on successful reach-to-grasp portions of each full trial-- that is
from the beginning of every trial to the time of first successful grasp. The data were subdivided
into shorter training periods based on frequency and length of daily training sessions: there were
no more than three contiguous days within each training period where the macaques had been
trained for less than 30 minutes, and we required at least two days of training in a period. There
were two training periods for Monkey K of lengths 679 and 777 trials respectively and three
training periods for Monkey Z of lengths 193, 238, 298 trials respectively. Towards the end of
training, the animals were able to complete successful trials at faster rates than at the beginning
of training (Figure 3.2), although the daily trial rates tended to also fluctuate based on the

motivational state of the animal.
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Figure 3.2 Success Rates Number of trials normalized by training time (trials/minute) over the
course of the experiment. The data were subdivided into shorter training periods based on
frequency and length of daily training sessions: there were no more than three contiguous days
within each training period where the macaques had been trained for less than 30 minutes, and
we required at least two days of training in a period.
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Since no constraints were placed on the behavior during the trial, there were substantial inter-
trial differences in the reach-to-grasp trajectories, both spatial and temporal in nature. This was
especially evident when comparing the very first trial that both animals completed successfully
with trials completed on the last day of training (Figure 3.3). Another potential confound in the
data is that the macaques were not necessarily uniformly engaged throughout the course of a
single training session. For example, some of the trials were on the order of minutes, while
others were measured in seconds. Since each trial had to end with a successful grasp, followed
by a pull and a drop, we focused on the very end of the reach-to-grasp movement: for the
remainder of this analysis, we defined a trial as the last 500 milliseconds of the reach-to-grasp
behavior before the time of first successful grasp. Similarly, since both static neural decoders for
the reaching and grasping dimensions had twenty 50 millisecond taps, or 1 second of history, we
examined the last 1500 ms of neural activity of both ensembles for each trial. In order to examine
any learning effects within a single training period, each period was subdivided into three

intervals composed of equal numbers of trials: beginning (1), middle (2), and end (3).
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Figure 3.3 Example Trials Column 1: The robotic trajectories of the very successful first trials
completed by each animal in this study plotted as a function of time (displayed as color
gradient). Column 2: The robotic trajectories of the trials completed on the last day of training.
Column 3: Raster plots of reach (red) and grasp (green) neurons corresponding the trials shown

in Column 2.

For each interval, we used principal components analysis to reduce the dimensionality of the

reaching and grasping velocity profiles concurrently. For all of the datasets, we found that one,

two, or three principal components explained more of the variance in the last interval of each

period as compared with the first interval of each period (Figure 3.4). This would indicate that

the reaching and grasping trajectories that the macaques made with the robot became more

structured over the course of each interval.
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Figure 3.4 Principal Components Analysis Percentage of variance accounted by the first, first
two, and first three principal components in the first (blue) and third (yellow) interval of each
training period. (Xn = Monkey K: Period n)

We found stereotypical patterns in the how the macaques coordinated the reaching and grasping
trajectories of the robot. The cross covariance patterns between the reaching and grasping
velocity profiles tended to stereotyped for each animal. In most of the intervals, we found that
Monkey K tended to open up the robotic hand while simultaneously moving the hand towards
the object or, similarly, close the hand while moving the hand in the opposite direction (Figure
3.5). We also found that her closing movements of the hand tended to positively covary with her
moving the arm forward or her opening of the hand tended to positively covary with the arm
moving back, but with a of delay of 200 to 300 milliseconds (Figure 3.5). This patterning is
consistent with a number of possible spatial trajectories. One strategy could be moving the arm
forward while opening up the hand, and then closing around the object later on as the arm is still
moving forward. Another strategy was made possible by the fact that the object was held in place
by a spring, making it possible for the macaque to move the arm forward while opening up the

hand, overshoot, and then close around the object while moving slightly back.
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Figure 3.5 Cross Covariance Patterns: Velocity Profiles (top row) Cross covariance patterns
between the reaching and grasping velocity profiles towards the end of each learning period for
Monkey K and Monkey Z. (bottom row) Cross covariance patterns between the reaching and
grasping velocity profiles of two animals, Monkey O and Monkey A, making reach-to-grasp
movements with intact limbs.

In the case of Monkey Z, moving the hand forward tended to positively covary with opening of
the hand and likewise moving the hand away from the robot tended to covary with closing the
hand, but sometime with a delay of 50 or 100 milliseconds between the opening of the hand and
reaching forward, or conversely, between the closing the hand and moving back (Figure 3.5). We
also found the closing movements of the hands tended to positively covary with Monkey Z
moving the arm forward, and conversely, opening movements positively covarying with the arm
moving back, such that the grasping movement would lag the reaching movement by 50 to 250

milliseconds (Figure 3.5). As such, the cross covariance patterns between Monkey Z’s reaching
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and grasping velocity profiles tended to more closely reflect the cross covariance patterns of two
monkeys, Monkey O and Monkey A, making natural reach-to-grasp movements with their intact
limbs (Figure 3.5); Monkey O and Monkey A both tended to positively covary closing of their

hands with reaching forward, but at a delay of around 50 milliseconds.

In order to examine how this patterning in cross covariance varied over the course of training, we
calculated the Euclidean distance between the pattern of cross covariance on every day and the
average pattern across up to three prior days of training (Figure 3.6). Over both the entire
course of training and within each training period, the Euclidean distance between patterns tends

to decrease edging towards zero, indicating that the cross covariance patterns were getting more

stable.
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Figure 3.6 Stabilization: Behavior Euclidean distances between the patterns of cross
covariance on every day and the average pattern across up to three prior days of training.

Reaching & Grasping Clusters
We probed the dynamics between pairs of neurons in the reaching and grasping clusters to

investigate the neural correlates of this emerging coordinated behavior. For each pair, composed
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of one reach neuron and one grasp neuron, we calculated the cross covariance between their
firing activities in the last 1500 ms of every trial, and then found the average cross covariance
across all of the trials for each day of training. Stereotyped patterns of cross covariance were
observed to arise between pairs of neurons (Figure 3.7). For example, Figure 3.7 shows one pair
of neurons that tend to fire in synchrony (Monkey Z) and one pair of neurons that tend to fire in
close synchrony, but with the reach neuron leading the grasp neuron by about 50 milliseconds
(Monkey K).

Monkey K: Period 2 Monkey Z: Period 2

03 0ar

az2r 0z

T =

o o

o (=1

73] ]

B o

2 2 |

[ Grasp 2 |

D o01r L] I

o W A Meuron o o4} |

3 ; Leads 3 I

c 0 E . Y

E = e z = I"._ T

2 ol MNewron | N e L S ORL T o F

=g . z E .

G Leads O : I

2 02 81f I

5 L - s L ,
0.5 0 05 0.5 0 05

Delay (sec) Delay (sec)

Figure 3.7 Cross Covariance Patterns: Example Reach Grasp Neural Pairs Patterns of cross
covariance were observed to arise between pairs of reach and grasp neurons. Cross covariance on
first day of training period (dotted line) vs cross covariance on last day of training period (solid
line).

In order to examine how pair-wise cross covariance patterns evolved within training periods, we
recalculated the cross variance patterns, this time grouping together trials during the beginning
(1), middle (2), and end (3) intervals in each training period. In addition, being primarily
interested in the coordination between reach and grasp neurons as it related to task-related
behavior, we controlled for non-task-related correlated firing activity by shuffling the trial order
50 times for each pair of neurons, and then conducting the same analysis on the shuffled data for

each interval.
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For each interval, the cross covariance pattern between a reach-grasp neuron pair was considered
significant if its peak value was greater than the peak values of 95% of the cross covariance
patterns generated from the shuffled data (Figure 3.8), or if its trough value was less than the
trough values of 95% of the cross covariance patterns generated from the shuffled data.
Significant pairs would indicate that macaques tended to covary the modulation of that particular
reach-grasp neuron pair to a greater extent, either positively or negatively, for the purpose of
coordinating the reach-to-grasp behavior on a trial-by-trial basis. We probed the last interval in
each of the training periods to find significant characteristic patterns that had emerged for each
of the macaques. In the last interval of Monkey K’s first and second training periods, we found
that 61.33% and 64.44% of all potential reach-grasp pairs showed significant cross-covariance.
In the last interval of Monkey Z’s first and second training periods, we found that 45%, 58%, and

53% of all possible reach-grasp pairs showed significant cross-covariance.
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Figure 3.8 Shuffle Analysis We controlled for non-task-related correlated firing activity by
shuffling the trial order 50 times for each pair of neurons. Distributions of cross covariance
maxima and minima are shown for the original data and the shuffled data.
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In order to examine the evolution of cross covariance patterns over the course of a training
period, we investigated any shift in positive or negative extrema between the first and third
intervals. First, we examined this shift in maxima and minima for all reach-grasp neural pairs.
We found that shifts in the distribution such that the maxima would become more positive in
Monkey K’s 2" period and Monkey Z’s 2" period (Wilcoxon rank sum test, p<.05). These shifts
in maxima were evident when examining the average cross covariance across pairs in the first
and last intervals (Figure 3.9). We also found shifts in the distributions such that the minima
would become more negative in all of the training periods (Wilcoxon rank sum test, p<.05).
Next, we examined shifts in the maxima and minima of reach-grasp neural pairs that showed
significant cross-covariance in the third interval. We found shifts in the distributions such that
the maxima would become more positive in both of Monkey K’s periods and Monkey Z’s 2™
and 3" training periods (Wilcoxon rank sum test, p<.05) (Figure 3.10). We also found shifts in
the distribution such that the minima would become more negative in both of Monkey K’s

periods and Monkey Z’s 1% and 2™ training periods (Wilcoxon rank sum test, p<.05).
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Figure 3.9 Aggregate Cross Covariance Patterns: Reach Grasp Pairs Average cross
covariance of reach-grasp pairs in the first (gray) and third (magenta) intervals of Period 2 in
each monkey.
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Figure 3.10 Shifts in Extrema: Reach Grasp Pairs Shifts in positive extrema between the first
and third intervals, plotted for pairs of reaching and grasping neurons.

In order to examine the stability of cross covariance between pairs of reach neurons and grasp
neurons in the same manner as with the reaching and grasping movements of the robot, for each
reach-grasp neural pair, we calculated the Euclidean distance between the pattern of cross
covariance on every day and the average pattern across up to three prior days of training (Figure
3.11). We then averaged these distances across all of reach grasp neural pairs. Over both the
entire course of training and within each training period, the average Euclidean distance between
patterns of cross covariance tends to decrease, indicating that the cross covariance patterns

between pairs of reach and grasp neurons were becoming more stable.
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Figure 3.11 Stabilization: Reach Grasp Pairs Euclidean distances between the patterns of
Cross covariance on every day and the average pattern across up to three prior days of training.

Indirect Neurons

Given that the we saw significant patterning develop between reach-grasp neuron pairs, the next
step was to investigate the emergence of similar patterning between neurons that were not
included in either decoder, termed by others in the field as indirect neurons (Ganguly et al.
2011). We used all of the neurons that were not used for either decoder and were stable over the
course of training for this analysis (Dickey et al. 2009b; Eleryan et al. 2014): 72 neurons for

Monkey K and 70 neurons for Monkey Z.

We examined the dynamics between pairs of indirect neurons during this task to probe any larger
network effects of the emergence of this coordinated reach-to-grasp behavior. As with the reach
grasp neural pairs, for each pair of indirect neurons we calculated the cross covariance between
their firing activities in the last 1500 milliseconds of every trial, and then found the average cross
covariance across all of the trials for each day of training. Stereotyped patterns of cross
covariance were observed to arise between pairs of indirect neurons (Figure 3.12). For example,

Figure 3.12 shows two pairs of neurons that tend to fire in synchrony.
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Figure 3.12 Cross Covariance Patterns: Example Indirect Neural Pairs Patterns of cross
covariance were observed to arise between pairs of indirect neurons. Cross covariance on first
day of training period (dotted line) vs cross covariance on last day of training period (solid line).

As with the analysis of reach-grasp neural pairs, we recalculated the cross variance patterns,
grouping together trials during the beginning (1), middle (2), and end (3) intervals in each
training period. We repeated the same shuffle analysis, controlling for non-task related correlated
firing activity between indirect pairs, by shuffling the trial order 50 times for each pair of

neurons, and then conducting the same analysis on the shuffled data for each interval.

The same rule was used to determine significance: the cross covariance pattern between an
indirect pair was considered significant if its peak value was greater than the peak values of 95%
of the cross covariance patterns generated from the shuffled data (Figure 3.8), or if its trough
value was less than the trough values of 95% of the cross covariance patterns generated from the
shuffled data. The existence of significant indirect pairs would indicate that the macaques
tended to covary the modulation of neurons not directly involved in either decoder to a greater
extent, either positively or negatively, for the specific purpose of coordinating the reach-to-grasp

robotic task on a trial-by-trial basis. We probed the last interval in each of the training periods to
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find significant characteristic patterns between indirect neurons that had emerged for each of the
macaques. In the last interval of Monkey K’s first and second training periods, we found that
57.2% and 64.44% of all potential indirect neuron pairs showed significant cross-covariance. In
the last interval of Monkey Z’s first and second training periods, we found that 32.34%, 64.93%,

and 42.82% of all possible indirect neuron pairs showed significant cross-covariance.
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Figure 3.13 Aggregate Cross Covariance Patterns: Indirect Pairs Average cross covariance
of indirect neuron pairs in the first (gray) and third (magenta) intervals of Period 2 in each
monkey.

We examined shifts in the extrema of the cross covariance patterns between the first and third
intervals, in order to examine the evolution of indirect neuron relationships. First, we examined
this shift in maxima and minima for all indirect neuron pairs (Figure 3.13). We found shifts in
the distribution such that the maxima would become more positive in both of Monkey K’s
periods and Monkey Z’s 1% and 2™ training periods (Wilcoxon rank sum test, p<.05). These
shifts in maxima were evident when examining the average cross covariance across pairs in the
first and last intervals (Figure 3.13). We also found shifts in the distributions such that the
minima would become more positive in both of Monkey K’s periods and Monkey Z’s 1* and 2
training period (Wilcoxon rank sum test, p<.05). Next, we examined shifts in the maxima and
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minima of indirect neuron pairs that showed significant cross-covariance in the third interval. We
found shifts in the distributions such that the maxima would become more positive in all of the
training periods (Wilcoxon rank sum test, p<.05) (Figure 3.14). We also found shifts in the
distribution such that the minima would become more negative in all of the training periods
(Wilcoxon rank sum test, p<.05).
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Figure 3.14 Shifts in Extrema: Indirect Pairs Shifts in positive extrema between the first and
third intervals, plotted for pairs of indirect neurons

We examined the stability of cross covariance patterning between pairs of indirect neurons in the
same manner as with the reach-grasp neural pairs; for each indirect neuron pair, we calculated
the Euclidean distance between the pattern of cross covariance on every day and the average
pattern across up to three prior days of training. We then averaged these distances across all of
indirect neuron pairs. Both over the entire course of training and within each training period, the
average Euclidean distance between patterns of cross covariance tends to decrease, indicating
that the cross covariance patterns between pairs of indirect neurons were getting more stable

(Figure 3.15). The sole training period in which this decrease was not observed, Monkey Z’s 3™
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period, was the same period in which there was not a clear shift in the maxima or minima of the

indirect neuron pair cross covariance patterns between first and third intervals.
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Figure 3.15 Stabilization: Indirect Pairs Euclidean distances between the patterns of cross
covariance on every day and the average pattern across up to three prior days of training.

Network Comparison

Given that we observed similar trends and stabilization in the cross covariance patterns between
pairs of reach and grasp neurons and pairs of indirect neurons, we directed our efforts to
comparing patterning between pair types and with behavior. In the case of Monkey Z, we found
that for both pair-types, neurons tended to modulate synchronously (Figure 3.15). In the case of
Monkey K, we found that for both pair-types, pairs of neurons tend to modulate not only
synchronously but also with one neuron leading or lagging the other over a range of delays

(Figure 3.15).
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Figure 3.15 Cross Covariance Pattern Comparison (Row 1) Average cross covariance of
reach-grasp neural pairs (pink) and indirect neuron pairs (cyan) in the third interval of Period 2 in
each monkey. (Row 2) Distributions of peak cross covariance times between reach-grasp (pink)
and indirect (cyan) pairs.

In order to compare the degree to which both the reaching and grasping and the indirect neural
ensembles showed significant patterning, we repeated the shuffle analysis for every day of
training. The cross covariance pattern between a pair on a given day was considered significant if
its peak value was greater than the peak values of 95% of the cross covariance patterns generated
from the shuffled data for that day (Figure 3.8), or if its trough value was less than the trough
values of 95% of the cross covariance patterns generated from the shuffled data from that day. In
the case of Monkey K, the percentage of all potential reach-grasp neural pairs that showed
significant extrema tended to be larger than the percentage of all potential indirect neuron pairs
that showed significant extrema (sign test, p<.001) (Figure 3.16). In the case of Monkey Z, this

trend was not significant but close (sign test, p<.09); however, on the last days of all three
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training periods, the percentage of all potential reach-grasp neural pairs that showed significant

extrema was larger than the percentage of all potential indirect neuron pairs that showed

significant extrema (Figure 3.16). In addition, in the case of Monkey K, we found that the

percentage of significant reach-grasp pairs and the percentage of significant indirect neuron pairs

on a given day were both significantly correlated with the performance of the animal on that day,

specifically with the successful trial rate (reach-grasp: correlation coefficient=.649, p<.001;

indirect: correlation coefficient=.706, p<.001) (Figure 3.17).
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Figure 3.16 Significant Pairs Across Days The percentage of all potential reach-grasp neural
pairs that showed significant extrema plotted against the percentage of all potential indirect

neuron pairs that showed significant extrema for each day of training. Green points refer to the
last training days in each training period.
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Figure 3.17 Significant Pairs & Performance For each day of training, the percentage of
significant reach-grasp pairs (left) and the percentage of significant indirect neuron pairs (right)
plotted against the inverse of the average time that it took the animal to reach-to-grasp the object
on that day.

The extrema of the cross covariance patterns were compared between the reach-grasp and
indirect neuron pairs on each training day. In the case of Monkey K, the maxima of the
covariance patterns between the reach-grasp neural pairs were greater than the maxima of the
covariance patterns between the indirect neuron pairs (sign test, p<.001) (Figure 3.18), and the
minima of the covariance patterns between the reach-grasp neural pairs were more negative than
the minima of the covariance patterns between the indirect neuron pairs (sign test, p<.001)
(Figure 3.5d). In the case of Monkey Z, this trend was present for the maxima but not significant
(sign test, p<.09) (Figure 3.18); in addition, on the last days of two of the three training period,
the maxima of the covariance patterns between the reach-grasp neural pairs was greater than the

maxima of the covariance patterns between the indirect neuron pairs (Figure 3.18).

79



Monkey K Monkey 7

§ # ] £+ |
o #

E UL r % r
i.l-"_ @ s = 4 EE |
E = ‘” E E #

3 i I m r
E _""—__ 0.2 f-‘ E 03 -
SE 3 &' ::J = ‘
=3 - o = S92 » "I
- # = e
5 Cn By = =
— 0. e ——
= i 2 -”I
Z . = A
-
= # o LY
= o . B . = 0
0 0.1 0.2 0.3 0 0.2 0.4
Median of Maximum Values: Median of Maximum Values:
Reach-Grasp Pairs Reach-Grasp Pairs

in . F g : :

o = #

=] # - rl

2 . m by

= R - P ";2 E_: o5 .?i

E 'E 0 5 E 'l“/

3 e - E

EZ . ot £ B - ’

E 2 015 ’ = £ ’

u = =

= = & w O /z

w [ = L]

S S gz 7 c —-IF !

5 ’ z ’

= ’

- Y TE # 2 #

O I = Az

-

.
- e maE m e 02 015 01 D05 0
-0.25 0.2 015 0.1 0,05

Median of Minimum Values:

Median of Minimum Yalues:

Reach-Grasp Pairs
Reach-Grasp Pairs == .

Figure 3.18 Extrema Comparison: Neural Pairs The median extremum of the cross
covariance patterns between the reach-grasp neurons plotted against the median extremum of the
Cross covariance patterns between indirect neuron pairs for each day of training. Yellow points
refer to the last training days in each training period.

Having compared the extrema between the reach-grasp neural pairs and the indirect neuron pairs,
it is important to examine them both in the context of behavior. To do so, we examined the
relationship of the cross covariance between the reaching and grasping robot trajectories and the
cross covariance between pairs of neurons on each training day. In the case of Monkey K, we
found that the maxima of the cross covariance patterns between both reach-grasp neuron pairs
and indirect neuron pairs were both highly correlated with the maxima of the cross covariance
patterns between the reaching and grasping robot trajectories (reach-grasp: correlation
coefficient=0.69, p<.001; indirect: correlation coefficient=0.414, p<.05) (Figure 3.19). We also

found that minima of the cross covariance between reach-grasp pairs was negatively correlated
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with the maxima of the cross covariance between the reaching and grasping trajectories
(correlation coefficient= -0.557, p<.005), and conversely, the maxima of the cross covariance
between reach-grasp pairs were negatively correlated with the minima of the cross covariance
between the reaching and grasping trajectories (correlation coefficient = -.445, p<.05). In the
case of Monkey Z, we found that the minima of the cross covariance patterns between both
reach-grasp pairs and indirect pairs were highly correlated with the minima of the cross
covariance between the reaching and grasping robot trajectories (reach-grasp: correlation
coefficient=.811, p<.001; indirect: correlation coefficient= .769, p<.005). We also found that the
minima of the cross covariance patterns between both reach-grasp pairs and indirect pairs were
negatively correlated with the maxima of the cross covariance between the reaching and grasping

trajectories (reach-grasp: correlation coefficient= -.595, p<.05; indirect: correlation coefficient= -

.695, p<.001).
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Figure 3.19 Extrema Comparison: Neural Pairs & Behavior Maxima cross covariance
patterns between both reach-grasp neuron pairs (right, pink) and indirect neuron pairs (left, cyan)
were both significantly correlated with the maxima of the cross covariance patterns between the
reaching and grasping robot trajectories.
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Discussion

We have introduced a paradigm for studying neural adaptation associated with the learning of a
novel behavior at the level of neocortex: studying the emergence of coordinated reach-to-grasp
behavior in rhesus macaques that have been the recipients of therapeutic amputations, and are
being taught to control a robotic arm via a cortically controlled BMI through the use of operant
conditioning. Our paradigm posits a new framework to study the learning of a novel coordinated

motor behavior not only at the behavioral level, but also at the level of primary motor cortex.

Towards the end of training the animals were able to complete successful trials at faster rate than
at the beginning of training (Figure 3.2), although the daily trial rates tended to also fluctuate
based on the motivational state of the animal. We found that the reaching and grasping robot
trajectories became more structured over the course of each training period, as evidenced by the
increase in variance accounted for by one, two, or three principal components (Figure 3.4). We
found stereotypical patterns in the cross covariance between the reaching and grasping velocity
profiles. Both animals tended to open the hand while moving the arm towards the object, either
concurrently, or with a slight day between the opening movement and reaching forwards (Figure
3.5). In both animals, the closing of the hand tended to occur concurrently with the arm moving
back, or at a delay with respect to the arm reaching forward, strategy which more closely mirrors
natural reach-to-grasp with intact limbs (Figure 3.5). We found that cross covariance patterns
were stabilizing, both within each training period and over the entire course of training,
consistent with human psychophysics studies in children (Kuhtz-Buschbeck, Stolze, Johnk, et al.

1998).
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The macaques learned to coordinate reaching-to-grasp using neurons that were not initially
marked as reach-related or grasp-related Several studies have shown that after amputation, the
cortical area previously involved in the control of the lost limb undergoes reorganization (J. N.
Sanes et al. 1988; J. N. Sanes, Suner, and Donoghue 1990; Schieber and Deuel 1997; Wu and
Kaas 1999; Qi, Stepniewska, and Kaas 2000), indicating that patients may not have the same
degree of representation of the lost limb in primary motor cortex. Instead of being reliant on
finding “hand-neurons” or “arm-neurons” in a patient, our approach uses operant conditioning to
train subjects to use groups of neurons to control a robotic arm. This kind of paradigm thus has
tremendous implications for developing prosthetics for this community, by taking advantage of
the plasticity afforded to us in motor cortex. It also provides us with a unique window into
studying this plasticity. Since we established a direct, causal relationship between the neurons in
the reaching and grasping clusters and the robotic arm, we can infer that any learning at the
behavioral level is directly due to plasticity among those neurons. Further, we can examine any

learning effects among neurons not involved in BMI control.

We found stereotyped patterns of cross covariance between pairs of reaching and grasping
neurons and between pairs of indirect neurons. In one macaque, we found that for both pair-
types, neurons tended to modulate synchronously, in the other, we found that for both pair-types,
pairs of neurons tend to modulate synchronously or with one neuron leading or lagging the other
over a range of delays (Figure 3.15). In all of the training periods, at least 45% of all potential
reach-grasp pairs and 32% of all possible indirect neuron pairs had significant extrema in the last
interval. We found that the percentage of all potential reach-grasp pairs that showed significance

was larger than the percentage of all potential indirect neuron pairs that showed significance on
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the last day of each training period. In the case of reach-grasp neural pairs, we found that the
maxima of the cross covariance patterns became more positive and the minima became more
negative from the first interval to the third interval in four of the five training periods. In the
case of indirect neuron pairs, this held for all five training periods. The maxima for the reach-
grasp pairs were generally larger than the maxima for the indirect neuron pairs, especially on the

last day of each training period.

Findings from a previous study in this field are partially consistent with our results. In this study,
animals that had extensive experience with brain control had to learn a fixed, novel decoder for a
center-out reaching task (Ganguly et al. 2011). Learning the decoder involved modifications in
the modulation of both neurons involved in the decoder and indirect neurons; a similar fraction
of both experienced a change in preferred direction. This is consistent with our finding that
comparable percentages of reach-grasp pairs and indirect pairs show significant cross covariance
patterns in the last interval of each training period. However, this study found that the neurons
directly involved in the decoder tended to modulate to a greater degree relative to indirect
neurons (Ganguly et al. 2011). Although we found that cross covariance extrema generally tend
to be more extreme between reach-grasp pairs than indirect pairs, this was not a strong trend in
Monkey Z, and in Monkey K, the extrema were of comparable magnitudes. Of course, in our
study, we are examining the relationships between neurons as opposed to the modulation of

individual neurons, so the two findings may not be mutually exclusive.

Finally, we found that cross covariance patterns between pairs of neurons, both reach-grasp and

indirect, were stabilizing both within training periods, and over the entire course of training,
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much like the cross variance patterns in behavior. In fact, we found a high degree of correlation
between the extrema of the neural cross covariance patterns and the extrema of the behavioral
cross covariance patterns. Across all of the pairings of neural extrema and behavioral extrema
where we found a high degree of correlation, there was one consistent trend: maxima tended to
be positively correlated with maxima, minima tended to be positively correlated with minima,
and maxima and minima were negatively correlated with one another. In essence, this would
indicate two key findings: first, the degree to which a pair of neurons covary their modulation,
either positively or negatively, has a direct effect on the extent to which the behavior is
coordinated; second, this general relationship is consistent across animals. In Monkey K, we
found another direct relationship with behavior: the percentage of significant reach-grasp pairs
and the percentage of significant indirect neuron pairs on a given day were both significantly
correlated with the Monkey K’s performance on that day. In short, how well Monkey K
performed on any given day directly corresponded with the degree to which neurons in the

network significantly covarying their firing activities to engage in the task.

This paradigm gave us a unique model for both studying the development of novel, coordinated
reach-to-grasp at the behavioral level and cortical level, and for examining the plasticity afforded
to us by primary motor cortex through the lens of learning to use a BMI. In addition, the
possibility of training subjects to perform a naturalistic motor task by modulating cortical
neurons using an artificial mapping and of potentially influencing network activity in a lasting

manner could have clinical implications for patients with amputations or strokes.

Acknowledgements

The authors would like to thank J. Coles for assistance with the training and care of laboratory

85



animals.

Grants

Research supported by DARPA Grant No. N66 001-12-1-4023, IGERT: Integrative Research in

Motor Control and Movement. National Science Foundation Grant # DGE-0903637

86



IV. DISCUSSION & CONCLUDING REMARKS

Reaching to grasp requires a remarkable degree of spatial and temporal coordination. The
psychophysics literature on coordinating reach-to-grasp has been well-flushed out: the temporal
and spatial coordination of transport and grasp components during reach-to-grasp behavior has
been studied extensively (M. Jeannerod 1984; Haggard and Wing 1995), and the development of
this coordination has been studied in infants and children (Claes von Hofsten 1984; Kuhtz-
Buschbeck, Stolze, Johnk, et al. 1998; Wimmers et al. 1998). The hand preshapes itself during
transport such that when the arm reaches the object, the grasp aperture and orientation of the
hand match the required configuration to grasp the object. However, our knowledge on the role
of neocortex in generating, driving, or modulating reach-to-grasp is quite limited. In this work,
we have both examined the coupled dynamics between ensembles of reaching-related and
grasping-related neurons in primary motor cortex during a 3-dimensional reach-to-grasp task
with an intact upper limb, and investigated the emergence of this coupling by studying the
learning of a reach-to-grasp behavior in a brain-machine interface context in chronically

amputated animals.

Neural Coordination During Reach to Grasp

In the first study, we introduced a novel approach to quantifying the coordination dynamics of

neural ensembles. We used this approach to study the functional interaction between ensembles
of reaching-related and grasping-related neurons in the primary motor cortices of macaques that
reached-to-grasp a variety of different objects at different locations. By describing the dynamics

of these two ensembles as trajectories in a low-dimensional state space, we examined their
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coupling in time. We found that these trajectories were temporally coupled over the course of
movement such that any transient asynchrony in time progression between the two trajectories
was corrected for by a proportional control mechanism. For example, if the trajectory of the
reaching-related neural ensemble led the grasping-related neural ensemble, the grasping-related

neural ensemble tended to catch up—and at a speed proportional to the lead time.

One interesting finding that was echoed in the results of the second experiment is that these
compensation dynamics were still present for random partitions of the population, but were
slower as compared to the original reach-related vs grasp-related partition (Figure 2.5). Given
that primary motor cortex forms a highly interconnected network of neurons with highly
overlapping movement representations (Park et al. 2001; Park, Belhaj-Saif, and Cheney 2004; C.
E. Vargas-Irwin et al. 2010; Saleh, Takahashi, and Hatsopoulos 2012), this result is unsurprising,
and points to these dynamics as a broader property of the upper limb area of motor cortex. What
is telling is that the time constants for the compensation effect between reaching- and grasping-
related ensembles was smaller than for the random partitions, and ranged from around 10ms to
90ms. Taken in conjunction with the Granger causality analysis, which demonstrated that
current temporal deviations in the neural trajectory of one ensemble could not be explained
solely from the past deviations of the limb kinematics but required knowledge of the past
deviations of the second ensemble’s trajectory, and that the causal interactions between the two
ensembles deviations were present at very fast timescales, on the order of 8ms, these results
suggest that these cortico-cortical interactions are direct and not mediated solely through indirect

interactions through the periphery .
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Another curious finding of this study is that in all of the datasets, the Granger causal
relationships were stronger from grasp-related to reach-related neural deviations than vice versa,
although bidirectional relationships were present in three of the four datasets. Proximal-to-distal
sequencing has been well-explored in the psychophysics literature for movements such as
throwing, jumping, and hitting (Danion and Latash 2010); proximal muscles activate before
more distal muscles, and proximal joints begin moving before more distal joints. However,
reaching-to-grasp with a precision grip, defined as when the thumb is “abducted in both the
metacarpophalangeal and the carpometacarpal joints,” is a complex and more evolutionarily
recent type of movement (Landsmeer 1962; Goodale 1990). A potential hypothesis for the
asymmetric granger causal relationships between the reach and the grasp neural deviations is that
neocortex, in this case primary motor cortex, plays a larger role in the learning and control of
more complex and evolutionary recent movements such as forming a precision grip, as opposed
to reaching. It then follows that while subjects are reaching-to-grasp, a greater fraction of
neurons in primary motor cortex would be reliant on grasp-related information or feedback about
the current state of grasping-related neural ensembles as opposed to the current state of reaching

ensembles.

In a similar vein, corticomotoneuronal (CM) cells have been thought of as the infrastructure that
allows us the flexibility to sculpt novel, highly skilled movements since they directly covey
cortical motor information to motoneurons and “bypass” spinal cord interneuron circuitry
entirely (Rathelot and Strick 2009). The existence of such CM neurons can be correlated with a

higher degree of skilled movement, as evidenced by comparing the cebus and the squirrel
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monkey. Biomechanically, they have similar hands and ecologically, they live in similar
environments. However, cebus monkeys can use their digits relatively independently; they can
grasp small objects and manipulate tools. In contrast, squirrel monkeys "can only pick up small
objects by using a sweeping motion of the hand that involves all of the fingers acting in concert"
(Rathelot, 2009). Cebus monkeys have prominent CM neurons, while squirrel neurons have
weak direct connections at best; cebus monkeys have dense corticospinal terminations in the
ventral horn, while squirrel monkeys have sparse ones at best (Bortoff, 1993). Direct CM neuron
connections are not present at birth, but start developing in the first few months and continue
developing for the first two years, which parallels development of motor skills, including the

ability to move digits relatively independently (Rathelot, 2009).

Corticomotoneuronal cells have been observed to make more potent terminations in the
motoneuron pools associated with distal muscles (McKiernan et al. 1998). In addition, this study
examined to what extent corticomotoneuronal cells produced post-spike effects in the proximal
and distal muscles of the upper limb while monkeys performed a reach-to-grasp task. They found
post-spike effects produced by 112 or the 174 neurons they examined; of these, less than 10%
produced post-spike effects only in the proximal muscles of the upper-limb, around 45%
produced post-spike effects in only the distal muscles, and the other 45% produced post-spike

effects in both groups.

Further lending support to the idea that neocortex plays a larger role in the control of grasp are a
set of experiments by Kuypers in the 1960s: in these studies, monkeys received bilateral lesions

to their pyramidal tracts (Donald G. Lawrence and Kuypers 1968; D. G. Lawrence and Kuypers
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1968). They found that these monkeys were able to generally recover independent upper limb
movement; however, they never regained the ability to individually move their fingers, even
after recovery periods of up to eleven months. This work, coupled with the frequency and
potency of the corticomotoneuronal projections to the motoneuron pools of distal muscles, would
support the idea that the motor cortex plays a more significant role in grasping as opposed to

reaching.

It would be interesting and useful to be able to test such a hypothesis. Our approach is limited in
revealing how neural dynamics between reaching-related and grasping-related neural ensembles
causally affect coordination. In psychophysics studies, behavioral perturbations are used to
establish causality (Haggard and Wing 1995). Similarly, as these techniques become more
sophisticated in the future, electrical or optogenetic stimulation could be used to establish
causality (Diester et al. 2011; Liu et al. 2012). These techniques could eventually provide the
ability to more accurately measure the behavioral and neural responses to specific deviations in
neural trajectories, as well as the information content of this compensation effect that we

observed.

Our work extended previous research that has focused on quantifying the dynamics of individual
populations by examining their trajectories in the low dimensional projection (M. M. Churchland
et al. 2010; M. Churchland et al. 2012; Mante et al. 2013; Shenoy, Sahani, and Churchland 2013;
Kaufman et al. 2014). Our approach generalizes this approach, by dividing the population into
functionally defined subsets and analyzing the relations between trajectories during behavior.

This could be adapted to analyze coordination within any brain region and, more importantly,
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between brain areas. Future work (my own) will include looking at the dynamics between
ensembles of neurons in premotor cortex, primary motor cortex, and prefrontal cortex, as well as

looking at these dynamics between spikes and local field potentials.

In this study, we uncovered a proportional compensation mechanism for recovering from
asynchronies between the trajectories of the reaching and grasping neural ensembles. Of course,
this is just scratching the surface of the massive, highly connected, and anatomically diverse
structure that is primary motor cortex. The field of dynamics and control has already provided us
with insight and analytical tools for motor neuroscience (Todorov and Jordan 2002; Todorov
2004; Scott 2004; Cheng and Sabes 2006). Asking more intricate questions about the dynamics
of microcircuits within primary motor cortex will involve using more recent techniques to record
at a much finer spatial resolution, and from a far larger sample of neurons (Ahrens et al. 2013;

Sadovsky et al. 2011).

Emergence Dynamics Underlying Learning to Reach-to-Grasp with a BMI

In the second study, we introduced a paradigm for studying neural adaptation associated with the
learning of a novel behavior at the level of neocortex: studying the emergence of coordinated
reach-to-grasp behavior in rhesus macaques that have been the recipients of therapeutic
amputations, and were taught to control a robotic arm via a cortically controlled BMI through the

use of operant conditioning.

We found that both macaques were able to complete more successful trials with training (Figure

3.2), and that the reaching and grasping robot trajectories became more structured over the
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course of each training period, as evidenced by the increase in variance accounted for by one,
two, or three principal components (Figure 3.4). Further analysis, along with more sophisticated
dimensionality reduction techniques, could uncover specific structure that emerges in the reach-
to-grasp behavior that is relevant to the development of coordination. We found that behavioral
cross covariance patterns were stabilizing over the course of training, consistent with human
psychophysics studies in children (Kuhtz-Buschbeck, Stolze, Johnk, et al. 1998). Future work
(my own) will compare and contrast the stereotypical patterns observed in the cross covariance
between the reaching and grasping velocity profiles in this learning task with the cross
covariance patterns between the reaching and grasping kinematic trajectories of over-trained

macaques.

The macaques learned to coordinate reaching-to-grasp using neurons that were not “pre-tuned”
for reaching or grasping movements. Studies have shown that after amputation, the cortical area
previously involved in the control of the lost limb undergoes reorganization (J. N. Sanes et al.
1988; J. N. Sanes, Suner, and Donoghue 1990; Schieber and Deuel 1997; Wu and Kaas 1999; Qi,
Stepniewska, and Kaas 2000), indicating that patients may not have the same degree of
representation of the lost limb in primary motor cortex. Instead of being reliant on finding “hand-
neurons” or “arm-neurons” in a patient, our approach uses operant conditioning to train subjects
to use un-marked groups of stable neurons to control a robotic arm. This kind of paradigm thus
has tremendous implications for developing prosthetics for this community, by taking advantage
of the adaptation afforded to us in motor cortex. In order to better cater to this community,

further work must be conducted on any differential learning effects between using reorganized
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cortex and using the cortex ipsilateral to the amputation, along with careful examination of any

change in the behavior of the intact limb while this training is taking place.

Given that we established a direct, causal relationship between the neurons in both clusters and
the robotic arm, we can infer that any learning at the behavioral level is directly due to adaptation
among those neurons. This entire experiment only made use of two channels of feedback in the
control of the robotic arm—visual feedback about the state of the arm, and reward feedback for
the sake of shaping the behavior and upon completion of successful trials. Given that this
paradigm affords us a unique window into studying plasticity in primary motor cortex during
learning, by removing channels or adding feedback channels to provide auditory or
somatosensory feedback, we could investigate the role of different types of sensory feedback in
driving plasticity in motor cortex. In addition, this work could have potential bearing on how

best to augment prosthetics with sensory feedback.

In this study, we found stereotyped patterns of cross covariance between significant portions of
reach-grasp neural pairs and significant portions of indirect neuron pairs. In a prior study,
animals that had extensive experience with brain control had to learn a fixed, novel decoder for a
center-out reaching task (Ganguly et al. 2011). Learning the decoder involved modifications in
the modulation of both neurons involved in the decoder and indirect neurons; a similar fraction
of both experienced a change in preferred direction. This was consistent with our finding that
comparable percentages of reach-grasp pairs and indirect pairs showed significant cross

covariance extrema in the last interval of each training period.
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On the other hand, this study also found that the neurons directly involved in the decoder tended
to modulate to a greater degree relative to indirect neurons (Ganguly et al. 2011). Although we
found that cross covariance extrema generally tend to be more extreme between reach-grasp
pairs than indirect pairs, this was not a strong trend in Monkey Z, and in Monkey K, the extrema
were of comparable magnitudes. However, in our study, we are examining the relationships
between neurons as opposed to the modulation of individual neurons, so the two findings may
not be mutually exclusive. Future work ought to attempt to decouple these two phenomena to see

if these results can hold in parallel.

Recent BMI work has already been shifting away from the traditional paradigm of pre-tuned
decoders through the use of adaptive decoding or by studying what happens when tuned
decoders are perturbed during training (Ganguly et al. 2011; Ganguly and Carmena 2009;
Taylor, Tillery, and Schwartz 2002; Li et al. 2011; Mussa-Ivaldi and Miller 2003; Willett et al.
2013; Orsborn et al. 2012). Our training paradigm relied on the animal learning a static, fixed
decoder on its own; in reality, a hybrid approach that makes use of both the neural adaptation
associated with subjects learning to use a fixed decoder and our capacity to adapt decoders to
compensate for neural instabilities and to assist subjects in the process of learning, is highly

preferable in a clinical setting.

Even with this goal in mind, there are benefits to studying neural adaptation on its own, and not
in the context of a hybrid system. Future work could shed light on whether some neurons are
better suited for decoder use, and on the characteristics of this subset of neurons if it exists. After

all, in our study, we had up to 15 neurons controlling one dimension on the robot—there are still
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a myriad of potential solutions to producing a given velocity even after taking the coefficient
assignments at the beginning of training into account. Yet, the system converged to smaller
subset of these solutions; future work could imagine what factors dictate convergence or

influence the solution in greater depth.

Stability

Our second study, all of the future brain-machine interface work that | have proposed, as well as
every cortically-controlled brain machine that has any semblance of a clinical future relies on our
ability to implant robust, chronic, long-lasting electrode arrays that provide us with reliable and
stable signals. The development of such instrumentation is the true bottleneck of the BMI field.
Until that happens, a greater body of work needs to be built around characterizing the stability of
signals on electrode arrays that are in use today; this includes factors such as neural lifespans on
the electrode array (see Appendix A), implantation techniques, electrode impedances, sensitivity

to spike sorting, immune responses of the subjects after surgery, amongst other actors.

Concluding Remarks

The results discussed in this thesis begin to answer the question: how do neural ensembles in the
primary motor cortex functionally interact to produce coordinated behavior? In the first study,
we looked at how motor cortical neurons participated in coordination by examining the
interactions between populations of reach- and grasp-related neurons during reach-to-grasp
behaviors in an intact primate model. We found that the characteristic dynamics between these

two ensembles were also present, but to a lesser extent, between ensembles generated from
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random partitioning of the population. We found evidence for temporal compensation across
such that if one neural trajectory led in time, the other tended to catch up, reducing the
asynchrony between the trajectories. In the second study, we probed the emergence of
coordinated reach-to-grasp in chronically amputated macaques that were being taught to
cortically control a robotic arm through operant conditioning. We found that stereotypical
patterns emerged and stabilized in the cross-covariance between the reaching and grasping
velocity profiles, between pairs of neurons involved in decoding reach and grasp, as well as
between other stable neurons in the network. In addition, we found that the degree to which a
pair of neurons covary their modulation, either positively or negatively, has a direct effect on the
extent to which the behavior is coordinated. Taken together, these sets of results provide a
framework for characterizing population dynamics in primary motor cortex during coordinated

reach-to-grasp, and for probing their emergence during the development of coordinated reach-to-

grasp.
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APPENDIX A: ULTRA-LONG TERM STABILITY OF SINGLE UNITS USING
CHRONICALLY IMPLANTED MULTIELECTRODE ARRAYS

Abstract

Recordings from chronically implanted multielectrode arrays have become prevalent in both
neuroscience and neural engineering experiments. To date, however, the extent to which
populations of single-units remain stable over long periods of time has not been well
characterized. In this study, neural activity was recorded from a Utah multielectrode array
implanted in the primary motor cortex of a rhesus macaque during 18 recording sessions
spanning nine months. We found that 67% of the units were stable through the first 15 days, 31%
of units were stable through 47 days, 21% of units were stable through 106 days, and 8% of units
were stable over 9 months. Thus not only were units stable over a timescale of several months,

but units stable over 2 months were more likely to remain stable in the next 2 months.

Introduction

Chronically implanted multielectrode arrays are commonly used in neurophysiological
experiments because of their ability to record from a large number of units over a long period of
time. However, it is useful to know whether a unit recorded on the same electrode on different
days might actually be originating from the same neuron. Initial attempts to track neurons
involved visually inspecting the waveform shape across days (Rousche and Normann 1998), by
computing the correlation between average waveforms (Jackson and Fetz 2007), or by

comparing the clustering in principal component space (Nicolelis et al. 2003). However, relying
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purely on the waveform shape along might lead to false positives, since different neurons may
have a similar average waveform. Subsequent attempts at tracking neurons used addition
information besides the waveform, such as the 3-D location relative to a tetrode (Tolias et al.
2007), the inter-spike interval histogram (Dickey et al. 2009a) or the correlation of neuronal
firing with other stable neurons (Fraser and Schwartz 2012). Fraser and Schwartz reported
tracking stable units in rhesus macaque motor cortex for over 100 days (Fraser and Schwartz

2012).

Here, we use the method described in Dickey et al. to track neurons over a series of datasets
recorded over a longer time scale of 265 days. The recordings occurred during an experiment in
which a naive monkey was introduced to brain-machine interface (BMI) control of a robotic arm
and hand. Thus the identification of stable units over these datasets would allow the examination

of learning effects during the initial exposure of BMI real-time control.

Materials & Methods

Neural Recordings
All surgical and behavioral procedures involved in this study were approved by the University of
Chicago Institutional Animal Care and Use Committee and conform to the principles outlines in

the Guide for the Care and Use of Laboratory Animals.

Data used for this analysis were collected from a female rhesus macaque (Macaca mulatta)
monkey that was implanted with a Utah 100-microelectrode array (Blackrock Microsystems, Salt

Lake City, UT) in primary motor (MI) cortex. The macaque had been the recipient of a
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therapeutic amputation 5 years prior due to injury. The array used for this analysis was placed
contralateral to the intact limb. The electrodes on the array were 1 mm in length. During a
recording session, spike waveforms from up to 96 electrodes were amplified (gain of 5,000),
filtered between 0.3Hz and 7.5 kHz, and recorded digitally (14-bit) at 30kHz per channel using a
Cerebus acquisition system (Blackrock Microsystems). On the first experimental session, units
were sorted online with a hoop-sorting algorithm, described in Santhanam et al. (Santhanam et al.
2004). Potential spikes were first identified when the filtered voltage dropped below a user-
defined threshold. These spikes were sorted by placing a lower and upper voltage threshold (the
“hoop”) at specific times relative to the initial threshold crossing. The same sorting rules were
applied to the remainder of recording sessions, so that the number of sorted units remained
constant over time. The recordings for this analysis were collected on 18 separate daily sessions
over the course of nine months. The first session was recorded 11 months after implantation of the
array.

Behavioral Task

The macaque performed the same behavioral task on all of the recording sessions. In this task, the
macaque had to learn how to navigate two control dimensions of a robotic arm in order to perform
a reach-to grasp task. The robot was composed of a 7 DOF WAM arm attached to a 4 DOF
BarrettHand (Barret Technology, Inc.). Through the use of operant conditioning, the macaque
learned to control the reaching motion towards and away from the base of the robot, as well as the
grasping motion, opening or closing all three digits of the hand concurrently. A successful trial
would involve reaching-to-grasp a sphere placed on a board in front of the robot, pulling it back,

and finally dropping it.
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Using neurons identified using online spike sorting, distinct clusters of functionally connected
groups of neurons were created for the purpose of controlling each control dimension. Decoders
using the neural population activity of either group, binned at 50 milliseconds, were initialized in
an unsupervised manner using spontaneous data (Badreldin et al. 2013). Over the course of the
study, the macaque learned this mapping such that she could coordinate movement along both
dimensions in order to perform successful trials at an increasing rate.

Stability Analysis

The methodology outlined by Dickey et al. (Dickey et al. 2009a) was used to analyze the
stability of single-units on the array over the course of nine months. For each sorted unit, we
computed the average waveform and interspike interval histogram (ISIH). . Waveforms on two
different datasets were compared by computing the Pearson’s correlation coefficient to create a
waveform score. The ISIHs were fit with a mixture of the three log-normal distributions, and the
parameters of that fit were compared to create an ISIH score. The waveform and ISIH scores
were then combined into a single score. A unit was classified as stable on a given day if this

combined score fell below a fixed threshold.

Results

Using stability criteria outlined earlier, units were classified as either stable or unstable with
respect to the first recording session. For a unit to be considered stable over the course of the
entire study, it was necessary for the unit to be considered stable in every one of the recording
sessions. Similarly, for a unit to be considered stable through a particular day, it must have been

stable on all of the previous recording sessions prior up to that day. The survival curve in Figure
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A.1 shows the percentage of stable units through a particular day for all of the recording

sessions.
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Figure A.1 Survival curve of tracked units The Y axis shows the percentage of stable units,
relative to the 137 neurons sorted on day 0.

Figure A.1 illustrates that around 8% of neurons are stable over the entire nine months of the
study. After 106 days have elapsed, over a fifth of the units are still stable. An inflection point
can be observed around 50 days. Around 31% of the units are stable through day 47, while
around 23% of the units are stable through day 98. Thus 75% of the units that are stable on day
47 survive the next 51 days. In contrast if we look at earlier recording sessions, about 58% of
units are stable through day 22, while about 31% of units are stable through day 47. So only 53%

of the units that are stable on day 22 survive the next 25 days.
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Figure A.2 Example Stable Unit (Left) Waveforms and (Right) Interspike interval histograms
for a stable unit over 265 days

An example of a stable unit is provided in Figure A.2. The similarity in waveforms across all
eighteen of the recording sessions over nine of months of recording is quite apparent. The same
is true for the interspike interval histograms; the characteristic bimodal distribution (a Type Il
neuron as described in Chen & Fetz (Chen and Fetz 2005)) can be seen in each session. In
contrast, Figure A.3 provides a clear example of a unit that changes the properties of both the
waveform and the ISIH between the 15" and 16™ dataset. This is when there was a 5 month gap
in recording, and it appears that the first neuron was replaced with a completely different neuron.
This unit was classified as stable through the 15" dataset on day 106, but not thereafter. Other
unstable units change properties in both the waveform and the ISIH multiple times; in one
example, the first change occurs between the first data of recording and seven days later, the
second is, again, between the 15" and 16" dataset. Table A.1 provides the scores for the stability

of each unit shown (Figure A.2, Figure A.3) when compared with the first day of recording. The
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threshold for stability was below a score of 11.67 as defined by Dickey et al. (Dickey et al.
2009a).

Table A.1 Unit Stability Scores

# Days Stab!e Unit Unstgble Unit
(Fig.2) (Fig.3L)
7 -6.57 -6.03
14 -10.88 -12.49
21 -21.19 -3.64
28 -4.42 -11.05
35 -3.26 7.56
41 -6.20 -0.59
46 -6.60 -11.45
63 -0.97 0.43
72 -2.96 1.14
78 -3.35 2.79
83 -3.13 0.37
90 -2.75 1.33
97 -2.19 -13.16
105 -2.15 -6.86
245 -5.07 17.10
252 -3.21 21.80
265 -4.23 19.38

12%

days after start of experiment

333 psec 0 50 100 150 200 250 00
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Figure A.3 Example Unstable Unit (Left) Waveforms and (Right) Interspike interval
histograms for an unstable unit over the course of the study. Note the change in both waveform
and ISIH between day 104 and 245
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Since the stability criterion relies on scores from based on the similarity of both the waveforms
and the interspike interval histograms, units can fail to be classified as stable if they exhibit
similarity in one feature but not the other. For example, a can show stability in its interspike
interval histograms throughout the recording sessions, but can fail to maintain a consistent

waveform.

Discussion

The most telling result of this study is that we were able to identify a subset of neurons that were
stable over the course of nine months. The stability criterion that we adopted is especially
conservative, so it is likely that we are systematically underestimating unit stability. It could be
that 8% is a more conservative estimate due to the fact that we saw units drop out for a couple of
recording sessions, only to return for the remainder of the experiment. Anecdotally, it seems that
an electrode can become noisy for a single recording session, perhaps because of mechanical
disruption of the contact between the Utah array and the connector, or between the connector and
the headstage. This would lead to a unit as being classified as unstable, even if the noise were to
disappear the next day and the unit to return. One way to address this in future work is to allow a
unit to drop out for a handful of sessions, as long as the unit reappears and is still classified as
stable afterwards. This will require careful consideration of the false positive rate, given the

multiple comparisons across units and days.

Recording every day instead of every week would give us a survival curve to a greater degree of
precision. This presents the similar issue of determining how many datasets a neuron can “miss”
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and still be classified as stable. Additionally, it was not possible to have the same elapsed time
between datasets. We might expect of the probability of a stable unit disappearing during an
interval to increase as a function of recording sessions in the interval—i.e. the true negative rate
within an interval will depend on how often you are sampling within that interval. In this
collection of datasets, five months elapsed between the 15" and 16" recording sessions as
opposed to the otherwise weekly or biweekly recording sessions. Around 21% of units were
stable through the 15" recording session, whereas only about 8% were stable through the 16"

recording session.

This analysis was also completely dependent on the online spike sorting from the first recording
session In the future, we intend to use the online spike sorting from an earlier or later dataset so
that we can measure how sensitive the survival curve is to the online sorting on a particular day.
In addition, neural data from the first recording session can be sorted offline; this sort could then
to be applied to all of the datasets in lieu of the online sort to measure how sensitive the survival

curve is to online vs offline spike sorting.

On a similar note, instead of measuring how sensitive the survival curve is to spike sorting, we
could look at sensitivity to the stability threshold that was fixed as a value based on a previous
stability study (Dickey et al. 2009a). In fact, rather than discretely classifying the units as a
“stable” or “not stable” for each day, we could use the continuous stability score to determine the

exact day a unit switched from stable to unstable.
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Our motivation for applying the stability analysis to this particular collection of datasets was to
allow us to investigate the effects of learning to control a BMI on stable neurons. In the learning
study described here, the animal was able to not only learn, but improve her ability to coordinate
and control different dimensions of a robotic arm in a reach-to-grasp task despite what would
appear to be instabilities in her neuronal units. She was able to modify and maintain function of
these clusters of neurons, despite changing properties of individual neurons. These experiments
can speak to how populations of neurons in primary motor cortex can impact overall behavioral
function in a robust fashion, in the presence of dynamic changes at the single-unit level — the
type of plasticity that has long been implicated in motor learning experiments (Jerome N. Sanes

and Donoghue 2000).

In addition, this kind of tracking could be of broader use to the science and engineering
communities at large. The ability to pool neurons across different recording sessions for data
analysis purposes, or to identify stable units that can be consistently used for brain machine
interfaces without having to retrain decoders could be beneficial. Consequently, development of
an algorithm that could analyze the stability of units online, taking into account their known

properties and history, could prove very useful in a BMI-context (Badreldin et al. 2013).
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