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Abstract 

There are still competing views on the role of primary motor cortex (M1) in voluntary control 

partly because neural activity in M1 can be related to many aspects of motor function. In this thesis, we 

aim to address how neurons in M1 represent information about the motor periphery and how 

information in M1 interacts across behavioural contexts at the single-cell and population level. We 

recorded M1 neuron activity in monkeys during reaching tasks and during transient and sustained loads 

applied to the arms. First, we showed that load-classified neurons (N = 248), muscles with similar load 

preferences, and neural network units all share similar reaching directional preferences (Watson-

Williams tests). Further, the spatio-temporal dynamics of these groups during a reaching task predicted 

the spatiotemporal dynamics of similar muscles (shoulder flexor r = 0.82, elbow flexor r = 0.74, shoulder 

extensor r = 0.74, elbow extensor r = 0.75). This study demonstrated that, populations of M1 neurons 

can predict the pattern of muscle activity. Next, we showed that many M1 neurons (N = 297) are 

responsive to both contralateral and ipsilateral loads (101 perturbation, 114 posture). We found that 

contra- or ipsilateral load preferences were unrelated to each other (p = 0.09 perturbation, p = 0.97 

posture, Rayleigh tests). Further, Principal Component Analysis highlighted that neural activity related to 

the contralateral and ipsilateral limbs were in two distinct neural subspaces. This suggests that neural 

information unrelated to ongoing control of the contralateral limb can be represented in M1 but not 

influence motor output. Last, we recorded from neurons (N = 260) while we applied simultaneous 

combinations of loads to both arms. We found that the resultant neural activity reflected a weighted 

summation (~70% contralateral plus ~30% ipsilateral) of the activities during unimanual tasks. Thus, the 

overall dynamic range of neural responses to mechanical disturbances was maintained constant during 

bimanual tasks. The results presented in this thesis show how many M1 neurons can predict the 

spatiotemporal dynamics of muscle activity during voluntary motor tasks while also representing activity 

related to ipsilateral limb and potentially many other types of information simultaneously. 
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Lay Abstract 

The role of primary motor cortex (M1) in controlling movements has been a long-debated 

subject because M1 neurons have been shown to relate to many different aspects of motor control. A 

confounding issue is that different features of movement are inter-correlated so M1 activity related to 

one aspect of movement will correlate with other aspects of movement. In our first experiment, we 

circumvented this problem by recording from M1 neurons in monkeys across two different tasks with 

different kinematics and kinetics. In the first task, we applied forces to the arms in a postural task, and 

classified neurons into muscle-like groups based on their force preference. In the second task, the 

monkey reached to spatial targets and we found that the activity of each group of M1 neurons predicted 

the reaching directional preferences and activity patterns of their associated muscles. This suggests that 

M1 contributes to producing these patterns of muscle activity. The last projects explored how M1 

activity can reflect information unrelated to motor patterns for the contralateral limb, such as motor 

patterns of the ipsilateral limb. Why does this ipsilateral-related activity not lead to contralateral limb 

motion? In our second experiment, we recorded from M1 neurons while we applied forces to each arm 

separately. We found that the torque preferences of M1 neurons were commonly different for 

ipsilateral and contralateral torque. The result is that M1 activity when generating ipsilateral shoulder 

flexor activity, would not lead to any increase in activity of any muscle group in the contralateral limb. In 

our third experiment, we recorded from M1 neurons while applying contralateral and ipsilateral forces 

at the same time. The resultant activity in M1 could be predicted by the response of the neuron during 

contralateral or ipsilateral torques alone, albeit scaled down in magnitude particularly related to the 

ipsilateral limb. The results of this thesis show that M1 is capable of producing patterns of muscle 

activity during voluntary motor tasks of the contralateral limb, but that other information can be 

simultaneously represented across the neural population. 
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Chapter 1 Introduction 

1.1 Motivation 

When a person reaches for an object, their hand moves smoothly and accurately to the item in a 

fraction of a second. We can do this standing, sitting, or hanging upside down. We can easily reach 

around obstacles in our path and, if unexpectedly bumped, we easily alter our hand’s path so that we 

reach the item with very little additional time. We can even toss a ball from one hand and catch it with 

the other without looking – a task that requires precise and coordinated control of both limbs at once.  

While we do this without any conscious thought of the physics or neurobiology involved, precise 

patterns of muscle activation are necessary to produce these movements. While the neural systems that 

produce these patterns consist of a broad interconnected network of different neural structures, one 

key brain region involved in voluntary control is primary motor cortex (M1). It provides the largest 

contribution to the descending corticospinal tract and is highly interconnected with other cortical and 

subcortical structures involved in movement generation (Rizzolatti and Kalaska, 2013; Scott, 2004).  

Over the last 40 years, many studies have explored how neural activity relates to movement (for 

review, see Scott 2008). These studies show neural activity in M1 has been correlated with many aspects 

of motor control – from high level parameters such as the direction of hand motion and target location, 

to low level parameters like muscle activity (Kalaska and Crammond, 1992; Scott, 2008). More 

surprising, neural activity has even been correlated with motor actions on the ipsilateral side of the body 

(Diedrichsen et al., 2013; Rokni et al., 2003), even though the descending corticospinal tract 

predominantly targets neurons on the contralateral spinal cord. With all this complexity in the activity of 

neurons in M1, it is unclear how or whether M1 is directly involved in producing precise patterns of 

muscle activity during voluntary motor actions, or if it simply informs a lower-level structure, like the 
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spinal cord, which then produces the muscle activity patterns. Additionally, if it does produce spatio-

temporal patterns of muscle activity, how is other activity related to high level features of motor action 

or the ipsilateral limb prevented from affecting motor output? 

In this thesis, I investigate how M1 contributes to the generation of spatio-temporal patterns of 

muscle activity and how non-motor-output-driving information, such as activity related to the ipsilateral 

limb, can be represented in M1 without leading to erroneous muscle activation. In this introductory 

chapter, we will examine the biomechanics of the upper limb as a test-bench for the motor system, and 

current knowledge about M1’s role in controlling it. This introduction begins with a review of the 

complexity of behaviour and the musculoskeletal system used to produce it, followed by current 

knowledge about M1 and its role in motor control. Finally, it will cover some experimental theory on 

neural processing in M1 followed by the objectives and hypotheses that are the focus of this thesis. 

 

1.2 Biomechanics and Behaviour 

1.2.1 Goal-Directed Motor Behaviour 

It is impressive how smoothly and accurately humans can generate goal-directed motor actions. 

The most studied motor action of the arm is goal-directed reaching.  A key feature of point-to-point 

reaching movement is that they are relatively straight, with smooth, bell-shaped velocity profiles (Abend 

et al., 1982; Morasso, 1981). This feature of reaching has led to the idea that the motor system explicitly 

plans and controls hand-trajectory (Hogan and Flash, 1987). However, these patterns of hand motion 

can be easily modified as it has been shown that subjects increase hand curvature when given visual 

feedback of joint motion (Flanagan and Rao, 1995).  

Another characteristic of goal-directed behaviour is the apparent disconnect between the high 

accuracy of attaining the goal and the variability in movement details. Consider a reaching movement 
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made with the arm in even a single horizontal plane. There are infinite possible paths that lead from one 

point to another – this is known as the ‘uncontrolled manifold’ problem (Scholz and Schöner, 1999). 

What is striking is that, when making repeated motions from one point to another, the motor system 

displays greater variability in the middle of the trajectory than at the end of the movement 

(Balasubramaniam et al., 2000; Cole and Abbs, 1986; Gracco and Abbs, 1986; Haggard et al., 1995). If the 

system were reproducing preprogrammed patterns of muscle activity, then errors should continue to 

grow as you reach the goal. 

Interestingly, there is a framework which captures these and other facets of motor control 

known as Optimal Feedback Control (Todorov and Jordan 2002; Scott 2004). Optimal control, i.e. the 

optimizing of output signals to variables such as accuracy and energy to produce behavior, has been 

used as a descriptive framework for motor actions for several decades (Meyer et al. 1988; Loeb et al. 

1990; Sporns and Edelman 1993; Kuo 1995). In particular, Todorov and Jordan (2002) demonstrated 

how several features of voluntary motor actions, notably variability with success, was captured using 

OFC. Using OFC to describe movement, redundancy in motor systems (the manifold problem) is 

navigated by minimizing variables such as time or energy and controlling the system via modulated 

feedback signals. Errors are simply allowed to accumulate if they are irrelevant to the task goal, which 

explains trajectory variation, but errors that impact performance are corrected leading to successful 

performance. 

 

1.2.2 Limb Biomechanics 

While body movements are smooth and graceful, the underlying mechanics are surprisingly 

complex. Consider an arm with one-segment attached to the body at the shoulder with a single 
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mechanical degree of freedom permitting flexion and extension motion. In this model, the motion of the 

limb can be described by the angular version of Newton’s second law, F = ma. Specifically, τ = Iα where τ 

is the torque around the shoulder joint, I is the moment of inertia of the arm segment, and α is the 

angular acceleration of the arm segment around the shoulder joint. A key feature of this system is that 

any torque applied to the arm will result in proportional acceleration. Movements of this arm can be 

made by applying an accelerating torque to start the arm rotating in a direction, and applying an 

opposite, decelerating torque to stop the arm at its target. 

Multi-joint movements are inherently more complex than single-joint movements due to 

intersegmental dynamics. Consider a limb that is composed of two segments connected by a single 

degree-of-freedom elbow joint and all connected to a stationary body via a shoulder joint (Hollerbach 

and Flash, 1982). Assuming that each segment is uniform in mass distribution along each segment, like a 

rod, the system of equations that relates torque at each joint to motion in the system is, 

𝑇𝑇𝑆𝑆 = �̈�𝜃𝑆𝑆 �𝐼𝐼𝑆𝑆 + 𝐼𝐼𝐸𝐸 + 𝑚𝑚𝐸𝐸𝐿𝐿𝑆𝑆𝐿𝐿𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐𝜃𝜃𝐸𝐸 +
𝑚𝑚𝐸𝐸𝐿𝐿𝐸𝐸2 + 𝑚𝑚𝑆𝑆𝐿𝐿𝑆𝑆2

4
+ 𝑚𝑚𝐸𝐸𝐿𝐿𝑆𝑆2�

+ �̈�𝜃𝐸𝐸 �𝐼𝐼𝐸𝐸 +
𝑚𝑚𝐸𝐸𝐿𝐿𝑆𝑆𝐿𝐿𝐸𝐸

2
+
𝑚𝑚𝐸𝐸𝐿𝐿𝐸𝐸𝐿𝐿𝑆𝑆

4
𝑐𝑐𝑐𝑐𝑐𝑐𝜃𝜃𝐸𝐸�

−
𝑚𝑚𝐸𝐸𝐿𝐿𝐸𝐸𝐿𝐿𝑆𝑆

2
�̇�𝜃𝐸𝐸

2𝑐𝑐𝑠𝑠𝑠𝑠𝜃𝜃𝐸𝐸 − 𝑚𝑚𝐸𝐸𝐿𝐿𝐸𝐸𝐿𝐿𝑆𝑆�̇�𝜃𝑆𝑆�̇�𝜃𝐸𝐸𝑐𝑐𝑠𝑠𝑠𝑠𝜃𝜃𝐸𝐸  

𝑇𝑇𝐸𝐸 = �̈�𝜃𝑆𝑆 �𝐼𝐼𝐸𝐸 +
𝑚𝑚𝐸𝐸𝐿𝐿𝐸𝐸𝐿𝐿𝑆𝑆

2
𝑐𝑐𝑐𝑐𝑐𝑐𝜃𝜃𝐸𝐸 +

𝑚𝑚𝐸𝐸𝐿𝐿𝐸𝐸2

4
� + �̈�𝜃𝐸𝐸 �𝐼𝐼𝐸𝐸 +

𝑚𝑚𝐸𝐸𝐿𝐿𝐸𝐸2

4
�

+
𝑚𝑚𝐸𝐸𝐿𝐿𝐸𝐸𝐿𝐿𝑆𝑆

2
�̇�𝜃𝑆𝑆

2𝑐𝑐𝑠𝑠𝑠𝑠𝜃𝜃𝐸𝐸  

where 𝑇𝑇 is torque at either the shoulder (𝑇𝑇𝑆𝑆) or the elbow (𝑇𝑇𝐸𝐸), 𝜃𝜃 is angle of the given joint, m is 

mass of the segment distal to that joint, 𝐼𝐼 is moment of inertia of that segment, 𝐿𝐿 is the length of that 

segment. Dots above terms denote derivatives with respect to time. 

In this case, torques and motion at the two joints interact or are coupled together. For example, 

if the shoulder is quickly moved (�̈�𝜃𝑆𝑆 ≠ 0), the inertia of the distal arm (𝐼𝐼𝐸𝐸) causes there to be a torque on 
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the elbow, given certain angles of the elbow (the cos𝜃𝜃𝐸𝐸  term). Because of the highly interconnected 

physics of the arm, the movement of one joint cannot be easily separated from the other. For instance, 

creating a single joint movement often requires a compensatory torque at connected joints to keep 

them from moving. As a result, the ability to rapidly and accurately move a distal body part like the hand 

from one location to another is a computationally demanding re quiring knowledge on the mechanical 

properties of the limb.  

 

1.2.3 Muscle Biomechanics 

Muscles are the engines that convert motor commands from the central nervous system into 

force to move and stabilize the body, and it is the activation of these muscles throughout time which 

ultimately produces the dynamics of movement. The amount of force generated by the muscle depends 

on a number of factors including its length and velocity (Brown et al., 1999; Gordon et al., 1966; Scott et 

al., 1996). At the molecular level, the rate at which overlapping actin and myosin molecules can cross-

link, and the amount of their overlap, determine the force that can be produced.  As a result, less force 

is generated when a muscle is shortening as compared to when it is at a constant length, and more force 

is generated when it is lengthening. As well, there is an optimal overlap in actin and myosin where 

maximal cross bridges (and thus force) can be generated.  Less force can be generated when the length 

of muscle is shorter or longer than its optimal length.  Finally, muscle can also generate passive force at 

longer lengths.  

The amount of torque generated by a muscle spanning a joint depends on its mechanical 

advantage, or moment arm. For example, the brachioradialis muscle spans the elbow – connecting to 

the radius and the humerus bones – and flexes the elbow when it contracts. However, its moment arm 

is dependent on angle of the elbow joint. It has the greatest moment arm when the elbow is at about 
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90° (Graham and Scott, 2003; Murray et al., 1995) and the torque that it can produce at the elbow 

decreases as the elbow angle deviates from that in either direction. The muscles that span the shoulder 

joint have similar moment arm dependencies on joint angle, but with an additional complexity that the 

shoulder has multiple degrees of freedom. 

 

1.2.4 Patterns of Muscle Activity during Motor Behaviour 

The most basic unit of motor activation is a motor neuron (lower motor neuron), which resides 

in the dorsal horn of the spinal cord, and the muscle fibers that it innervates – known as the ‘motor unit’ 

(Enoka and Pearson, 2013). Activating a motor unit produces a brief muscle contraction, and the 

superposition of many of these brief contractions elicit constant, or ‘tetanic’ muscle contraction. 

For most joints, movements are not produced by single muscles but by groups of synergistic 

muscles which each produce torque (Dul et al., 1984; Herzog and Leonard, 1991; Winters and Stark, 

1988). Groups that produce torque in the direction of a movement are referred to as agonists, with 

muscles that oppose this motion referred to as antagonists. For instance, in a reaching movement, 

agonist muscles accelerate the joint, followed by antagonists which decelerate the limb, and finally 

agonists activate again to stabilize the limb in a tri-phasic activation pattern (Cheron et al., 2007; 

Marsden et al., 1983; Wierzbicka et al., 1986).  

Given the increased complexity of multiple joints in movement dynamics, it would be 

reasonable to assume that muscles that span multiple joints would have very complex tuning. On the 

contrary, under static load conditions they tend to have broad sinusoidal tuning profiles like single-joint 

muscles. The direction of maximal activity is commonly referred to as its preferred direction of 

movement (Cherian et al., 2013; Flanders et al., 1994; Graham et al., 2003; Kurtzer et al., 2006a; Scott 

and Kalaska, 1997; Sergio et al., 2005). Because of the synergistic activation mentioned previously, the 
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behavioural tuning functions of biarticular muscles (and monoarticular muscles that coexist with 

biarticular muscles) do not match their strictly anatomical action (Kurtzer et al., 2006b). This interaction 

has also been seen for the biarticular muscles in the leg (Nozaki, 2009). 

During dynamic movements, the muscles activate in patterns which compensate for the 

dynamics of the limb. For example, Gribble and Ostry (1999) investigated the electromyographic (EMG) 

recordings of elbow and shoulder muscles while subjects were asked to make quick movements which 

lead to large interaction torques. They found that muscle activations scaled with the resultant 

interaction torques of single- and multi-joint movements. Because the scaling occurred before 

movement onset, the motor system must have knowledge of interaction torques when generating 

movement. 

The muscles of the shoulder and the elbow also display variation in their onset time variability 

across movement directions. Karst and Hasan (1991)  measured the relative onset time between 

shoulder and elbow muscles for center-out reaching movements and found that activity was earlier 

when the muscle was more active for a movement, near its preferred direction of movement with slight 

delays as the level of activity decreased.  

 

1.2.5 Fast Feedback Control 

A key feature of the motor system is the ability to generate muscle activity if a mechanical 

disturbance is applied to the limb, lengthening muscles or altering limb trajectory. Muscle responses to 

mechanical perturbations are divided into distinct temporal components (Hammond, 1956). The earliest 

EMG responses are known as short-latency responses, and they occur around 25 ms after a perturbation 

is applied to the arm (Hammond, 1955; Lee and Tatton, 1975). These responses scale with perturbation 

magnitude, but when subjects were instructed to either ‘resist’ or ‘let go’ against impending mechanical 
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perturbations, the short-latency component does not change (Hammond, 1956). The timing of the 

short-latency response is such that it could only be mediated by spinal circuitry (Pierrot-Desseilligny and 

Burke, 2005, pp. 63–106).  

The second temporal component occurs between 50-100 ms after a mechanical perturbation, 

which is enough time for such a signal to transit to and from cortex and is widely accepted to be the 

earliest transcortical response (Cheney and Fetz, 1984; Evarts and Fromm, 1977; Evarts and Tanji, 1976; 

Pruszynski et al., 2014; Scott, 2012). This response shows robust task-related modulation (Hammond, 

1955; Lee and Tatton, 1975; Pruszynski and Scott, 2012). For instance, Kurtzer et al. (2008) applied rapid 

perturbations to the shoulder and elbow of humans and measured the short- and long-latency 

responses of elbow and shoulder muscles at various arm positions. They showed that, while the short 

latency responses were related solely to information from their own joint, the long-latency motor 

patterns reflected the applied multi-joint load and the necessary responses to counter that load rather 

than simply the joint kinematics. These dynamically appropriate responses were also seen during 

reaching movements as well (Kurtzer et al., 2009), demonstrating that the structures responsible for this 

response had knowledge of the intersegmental dynamics. Compensation for other complex factors have 

also been seen in the long-latency epoch, such as obstacle avoidance (Nashed et al., 2014, 2012), target 

redundancy and selection (Nashed et al., 2014), and urgency (Crevecoeur et al., 2013). 

The fact that this fast-feedback response has the same intelligence that we expect from 

voluntary control is interesting because it indicates that these behaviours could use the same controller. 

This fits well with the previously described OFC framework of control which highlights the importance of 

feedback for online control (Pruszynski and Scott, 2012). 

While the sharing of information between shoulder and elbow – two dynamically linked 

components – makes sense, fast-feedback responses can be observed between other areas as well.  

When human subjects were asked to control a single virtual cursor which represented the mean location 
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of both hands (Diedrichsen, 2007) They had to move this cursor between start and end targets. In 

random trials, a velocity dependent force was applied to one hand. It was noted that corrective behavior 

was applied by both arms to correct the location of the combined cursor. Subsequent studies highlight 

that during bimanual tasks perturbations to one arm produce task-relevant responses in EMG recordings 

from the opposing arm within 75 ms (Dimitriou et al., 2012; Mutha and Sainburg, 2009; Omrani et al., 

2013). This suggests that the transcortical feedback processing has access to bilateral sensory 

information. 

 

1.3 The Neural Control of Movement 

1.3.1 The role of primary motor cortex in voluntary control 

The motor system is highly distributed network in the brain and spinal cord shaped by 

evolutionary forces. The most primitive motor circuits in the spinal cord provide rudimentary reflexive 

responses driven by sensory feedback from the periphery (Pierrot-Desseilligny and Burke, 2005). The 

cerebellum (Bastian et al., 1996), basal ganglia (Bhatia and Marsden, 1994; Middleton and Strick, 2000), 

parietal cortical areas (Battaglia-Mayer et al., 2003; Kalaska et al., 1990; Wise et al., 1997) all have 

interconnected roles in modulating and supporting motor actions. However, it is generally agreed that 

the primary motor cortex (M1) plays a central role in voluntary motor function.  

Lesions to M1 brain region lead to immediate paralysis (Ferrier and Yeo, 1884; Horsley and 

Schafer, 1888) and long-term impairment in performing dexterous motor tasks particularly with the 

hands (Darling et al., 2011; Lashley, 1924; Leyton and Sherrington, 1917). Also, M1 provides the largest 

contribution to the corticospinal tract and this cortical region also includes corticomotoneurons, 

neurons that synapse directly onto motoneurons in the spinal cord (Rizzolatti and Kalaska, 2013). Finally, 
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electrical stimulation of M1 leads to contraction of individual or groups of muscles (Fritsch and Hitzig, 

2009; Lemon et al., 1987). 

In the 1960s, Edward Evarts was the first person to study the activity of individual neurons in 

awake, behaving monkeys. He trained monkeys to make single-joint wrist flexion and extension 

movements and applied mechanical loads that either assisted or resisted movement (Evarts, 1966). He 

showed that the activity of pyramidal tract neurons (PTNs) increased activity for flexor movements and 

decreased their activity for extensor movements, or vice versa. Furthermore, when applied loads 

resisted limb movement, many neurons tended to increase further their firing rate, suggesting their 

activity was related to the required forces or muscle activity during motor actions (Evarts, 1968). 

Numerous studies, like Evarts’, have correlated M1 activity with that of various muscles of the hand and 

wrist (Bennett and Lemon, 1996; Humphrey, 1972; Kakei et al., 1999; Oby et al., 2013) as well as the 

activity of arm muscles (Cherian et al., 2013; Murphy et al., 1985; Scott, 1997; Sergio and Kalaska, 2003). 

A very different perspective was put forward by Georgopoulos and colleagues who trained 

animals to generate whole-limb movements (Georgopoulos et al., 1982). Monkeys grasped a frictionless 

manipulandum that traveled over a planar surface and made reaching movements outwards from a 

central start location. The authors found that motor cortical cells were broadly tuned to the direction of 

movement, responding to one direction maximally, defined as its preferred direction (PD), but also to 

adjacent directions with lesser magnitude in a sinusoidal tuning function. They proposed a population 

vector hypothesis in which they vectorially summed across the population of recorded neurons where 

the activity of the neuron ‘voted’ along its PD based on its activity for a given movement. They found 

that the population vector pointed in the direction of hand motion. Andrew Schwartz expanded this 

two-dimensional analysis of motor cortical cells using continuous circular motion (Schwartz, 1993, 1992) 

and came to a similar conclusion - the summation of trajectories from active neurons, a population 

vector, determined the direction and speed of movement. 
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In order to examine if M1 activity specified the direction of hand motion or underlying details 

related to the motor periphery, Scott and Kalaska (1997) trained monkeys to perform a center-out 

reaching movement, but in two different arm configurations: once with the arm in a natural orientation 

with the elbow below the hand, and once with the arm abducted. This ensured that while the hand 

paths were nearly identical, the joint motions necessary to produce the hand paths were quite different. 

They found that most of the cells showed different tuning preferences for each arm orientation, 

indicating that those cells were not simply representing the direction of hand motion. The activity of 

limb muscles showed similar variations in their directional preference as did models in which neurons 

coded variables such as joint motion. 

However, other studies that dissociate different features of movement show that some neurons 

appear to reflect higher level features, such as the direction of hand motion or the spatial goal (Cherian 

et al., 2013; Kakei et al., 1999; Sergio and Kalaska, 2003; Thach, 1978). Kakei et al. (1999) studied wrist 

movements with varying amounts of wrist pronation and supination. While they found a significant 

proportion of neurons (28/88 neurons) had muscle-like tuning, they found that half of their recorded 

neurons modulated their activity with the direction of wrist movement, regardless of joint orientation. 

Thus, neural activity in M1 reflects many different types of information related to motor actions from 

high level features related to the spatial goal to detailed information related to the motor periphery.  

Rather than exploring how neural activity reflects different movement-related variables, an 

alternate strategy is to simply ask whether M1 activity contains sufficient information to specify patterns 

of muscle activity generated during motor actions. This bottom-up approach starts from the observable 

and measurable requirement that movement is generated by the coordinated activity of muscles with 

the hypothesis that a key role of M1 is to specify this information. While spinal feedback necessarily will 

influence the exact patterns of muscle activity, the hypothesis is that key features such as the selection, 

onset time and magnitude of muscle activity will be observable in M1 activity.  



12 
 

In fact, Humphrey (1970) and others completed this analysis and found that patterns of muscle 

activity could be predicted from cortical ensemble activity.  However, Humphrey also found that he 

could correlate many different parameters of motor performance, such as displacement, velocity, force, 

and various derivatives of these signals, to neural spike train data. The abundance of complex neural 

patterns of neural activity, coupled with the intercorrelation of various parameters of movement, mean 

that one can arbitrarily combine the activity of M1 neurons to predict complex patterns of muscle 

activity. This is because one can select any neurons when predicting muscle activity. There needs to be 

an objective, independent process to classify neurons and their associations to a specific muscle or 

muscle group – a motor field.  

While discussing motor fields, it is important to clarify what they represent. For comparison, the 

somatosensory field can be defined using physical contact to identify the region of skin (or joint motion) 

that elicits activity in a neuron. A visual field can be defined based on the region on the retina where 

visual stimuli elicits activity. Sensory fields are relatively easy to define as stimuli can be applied in a 

systematic repetitive fashion.  

Defining a motor field is not so simple as there is not a causal link between applied stimuli and 

neural activity. Rather, M1 activity leads to motor output so one can only observe when the neuron fires 

and how it relates to motor output.  Thus, a motor field can be defined to be the region of influence 

over the motor periphery, such that its activity contributes to motor output at specific joints. The motor 

field for a motoneuron is relatively simple to define as the mechanical action of the associated muscle is 

obvious. Biceps spans both the shoulder and elbow so the motor field is shoulder flexion and elbow 

flexion. Beyond motoneurons, it becomes more difficult to define a motor field. 

One special case for identifying motor fields is the study of corticomotoneurons, which are cells 

in M1 that synapse directly onto motoneurons. One can objectively identify which muscles they synapse 

onto by spike-triggered averaging (Cheney and Fetz, 1985, 1980; Fetz and Cheney, 1978; Kasser and 
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Cheney, 1985; McKiernan et al., 1998). EMG recordings are averaged relative to the time of action 

potentials (spike) for individual neurons. A transient increase in the averaged EMG soon after the action 

potential indicates that the neuron has an excitatory influence on that muscle, and decreases indicate 

an inhibitory influence (through spinal interneurons). These motor fields could also be termed muscle 

fields as the technique allows the exact identification of the synaptically connected muscles for the CM 

neuron. For example, Bennett and Lemon examined the relationship between CM activity and distal 

muscles related to grasp function using this method (Bennett and Lemon, 1996). They found that the 

activity of some CM cells reflected the fractional patterns of muscle activity. While they noted that for 

some of the cells, it was impossible to determine whether the cells were related to the activity of a 

single muscle or a ratio of several. 

While spike-triggered averaging provides an objective approach to examine the relationship 

between M1 activity and motor output, there are several drawbacks. First, one can only determine 

connectivity from muscles that are recorded simultaneously. Given the large number of limb muscles, 

only a proportion of muscles can be assessed in this way. Thus, it is difficult to identify the entire muscle 

field for a given CM cell. Second, this analysis is limited to CM cells, whereas there are many M1 neurons 

that project to the spinal cord but do not have direct synaptic contacts onto motoneurons. Third, even 

when single CM cells are investigated, they can show functional tuning which may not line up with their 

muscle field. Griffin et al. (2015) recorded from CM cells which had been identified by spike-triggered 

averaging during wrist movements. They found that the directional tuning of these neurons could align 

with their target muscles, be opposite, or both.  

An alternate approach is to classify neurons based on their response to passive movement of 

the limb (Scott, 1997). Passive movement of the joints were used to identify whether the neuron was 

associated with the shoulder and/or elbow. Cells were further divided into flexor or extensor muscle 

groups based on the closest similarity between the cells’ PD with that for each muscle group. This study 
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found that the onset time and magnitude of flexors and extensor muscles during reaching paralleled the 

patterns observed by M1 neurons associated with each muscle group.  However, as the final separation 

of M1 neurons into flexor or extensor muscle groups at each joint was based on the neuron’s preferred 

direction during reaching, there was not a complete separation of processes to identify a neuron’s 

motor field from the process to compare the activity patterns between neurons and muscles. 

In chapter 2 we will expand upon this approach to dissociate objective classification of the 

neuron from the process of comparing neural and muscle activity patterns. We will investigate neurons 

classified by their static torque preference and whether they, as groups, produce muscle-like 

spatiotemporal dynamics. It is important to note that the presence of some high-level information in M1 

does not preclude its role in specifying spatiotemporal patterns of muscle activity. Our initial 

investigation will focus on the ensemble ability to specify spatiotemporal patterns by neurons with 

specific torque characteristics.  

 

1.3.2 Influence of Ipsilateral Motor Actions on M1 Activity 

It is commonly accepted that each hemisphere is concerned with controlling its contralateral 

side of the body. This reflects the fact that 90% of the corticospinal tract decussates at the caudal end of 

the medullar and influences spinal activity contralaterally (Porter and Lemon, 1993).  As well, 

stimulation studies result in only motor responses in the contralateral limb (Soteropoulos et al., 2011). 

Yet, Evarts’ early study of M1 (Evarts, 1966) showed that the activity 16 of 40 recorded pyramidal tract 

neurons responded to ipsilateral wrist movements, 3 of which had stronger ipsilateral than contralateral 

responses. Since then, several studies have demonstrated that a non-trivial number of cells in motor 

cortex have activity which correlates well with isolated movements of ipsilateral limbs (Cisek et al., 

2003; Donchin et al., 2002, 1998; Matsunami and Hamada, 1981; Rokni et al., 2003; Soteropoulos et al., 
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2011; Tanji et al., 1988). Donchin et al. (1998) reported that there were not only cells which responded 

to both ipsilateral and contralateral arm movements, but also cells that had a bilateral response which 

was strikingly different than their activity to the movement of either arm alone. Bilateral 

representations have been found in subsequent studies (Cardoso de Oliveira et al., 2001; Donchin et al., 

2002; Rokni et al., 2003). Only one study so far has compared the preferred reaching directions of M1 

cells during center-out reaching movements with either hand (Cisek et al., 2003). Cisek et al. found that 

there was no discernable correlation between the preferred directions for ipsilateral or contralateral 

movements. 

Human imaging studies have also shown that the primary motor cortices respond during 

ipsilateral arm or hand movements (Buetefisch et al., 2014; Diedrichsen et al., 2013; Kobayashi et al., 

2003). Diedrichsen et al. (2013) examined unimanual and bimanual finger pressing movements during 

functional Magnetic Resonance Imaging (fMRI). Their multivariate analysis found, similarly, that there 

were different patterns of responses for unimanual and bimanual actions. Interestingly, they also found 

that the areas responsible for movements of a given digit on one hand were active for the same digit on 

the opposite hand. This similarity in effector area has been replicated by another imaging study 

examining arm paths and voxel-based fMRI (Haar et al., 2017), but contrasts starkly with the previously-

mentioned single-neuron-recording study (Cisek et al., 2003) which seemed to indicate that cells did not 

represent the same effector preference. 

Given the close connection between M1 and the contralateral motor periphery, a key question 

is why does M1 activity related to the ipsilateral limb not influence muscle activity in the contralateral 

limb? One possibility is that the cells that correspond to ipsilateral activity are simply different 

populations of neurons than those that deal with contralateral motor output. That is, the output of 

these cells which show ipsilateral responses are simply not connected to any down-stream targets.  

However, as shown by the studies mentioned previously, a large proportion of contralaterally tuned 
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cells also show some ipsilateral response. This would be a sizable percentage of the cortex with no 

output. How can M1 activity reflect motor commands that influence the contralateral limb, while 

simultaneously reflecting activity associated with the ipsilateral limb? 

This problem of isolating activity related to the ipsilateral limb from that used to control the 

contralateral limb is not unique. For instance, in the delay period before the go cue, M1 neurons which 

presumably contribute to output show significant activity during the preparatory phases before 

movement (Tanji and Evarts, 1976). How does this activity not cause muscle activity during that period? 

And when the decision to move has been made, how does this planning activity get ‘connected’ to the 

downstream motor pathways in order to generate movement? It has been thought that neurons 

strongly connected to output pathways may show preparatory activity by having on/off switching or 

some sort of ‘gating’ method (see Wolpert 1997 review). However, no evidence has been found to 

support this hypothesis. Without a gating mechanism, the question becomes: When the decision to 

move has been made, how does activity change so that it now influences downstream motor output? 

 

1.4 Isolating Computations from Output Commands  

In 2014, Kaufmann and colleagues suggested that the concerted neural activity of a population 

of neurons with opposing downstream activation would cancel out, and this would create a mechanism 

for cortical activation in strongly connected neurons without any behavioral output. They proposed this 

‘output-null space’ as a mechanism to explain how neurons in M1, whose activity was highly correlated 

with downstream muscle activity, could also be active prior to a movement without causing muscle 

activation. 

Consider a system of two identical rocket engines strapped together such that they push in 

exactly opposite directions. If one engine is active, the system will accelerate in the opposite direction. If 

each engine has a throttle control, they can be used independently to drive the system in either 
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direction proportional to the throttle of the active engine. But if the two engines are both throttled 

together at the same level, they will cancel each other out and produce no net force, regardless of the 

level of throttle. This space of control, where the two throttles can be any equal value, resulting in no 

acceleration, is known as a ‘null space’.  

In linear algebra, the nullity of a matrix determines the dimensionality of its null space. Given a 

matrix, W, that matrix’s null space is the set or linear combination of non-zero vectors that, when 

multiplied by the matrix, produce zero, or the null vector. Is also referred to as the ‘kernel’ for abstract 

linear transformations. 

The activity in cortex can be represented as a vector of activity, N, and the resulting muscle 

activity as a vector M. The connectivity between the two can be defined as a linear transformation 

matrix W, such that the transformation of N by W results in M, or: 

𝑀𝑀 = 𝑊𝑊𝑊𝑊 

If the weight matrix W has a null-space, then there are certain values of N for which N is not 

zero and yet produce a zero M. That is so say that there are certain neural activity states that produce 

no muscle activity, even if the individual neural activities may have on their own. 

The authors tested their hypothesis with macaque monkeys making delayed reaching 

movements. M1 and PMd single units and arm muscle EMG were recorded during the task. While the 

exact transform between M and N would require an exact knowledge of the connectivity of every 

neuron to every muscle, the authors examined a reduced model by using principle component analysis 

(PCA) on both the muscles (𝑀𝑀�) and neurons (𝑊𝑊�). They estimated the intervening matrix 𝑊𝑊�  by single 

value decomposition during the epoch after movement onset. The authors found that, indeed, the 

activity of the neural set was restricted primarily to activity output-null dimension during the delay 

period.   
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This intriguing idea was expanded upon by Stavisky et al. (2017), in macaques making reaching 

movements with cursor jumps. The authors recorded from M1 and PMd of macaques during a reaching 

movement in which the cursor made unexpected lateral deviations. With similar methods to Kaufman et 

al. (2014), the authors showed that the visual feedback activity that first arrives in the M1/PMd area is 

restricted to an output-null dimension before being swapped to output-potent space.  

The potential of using a neural null space reaches much further than just preparatory or 

temporal delay of information. Output-null space could keep any specific patterns of activations from 

influencing muscles. As noted in the previous section, there is a plethora of sensory and planning 

information that comes into M1. This information may not all be used or transformed into meaningful 

motor commands. Null-space balancing would allow this information to be accessible when it was useful 

and suppressed from affecting output when not required.  

There is a subtle but substantial issue with the methods used by Kaufmann and others, 

however. The null-space analysis assumes that the neural signal space that instantiates the output-

potent signal is the same neural signal space that is used during output-null tasks. This is apparent when 

the same PCA dimensionality reduction is used on both data sets, such as Kaufmann et al. (2014) . 

Studies since then have shown that this is often not the case. Elsayed et al. (2016), examined similar 

preparatory and movement epochs and found that the sets of neurons with shared responses (i.e. the 

subspaces) which were responsible for preparatory activity and movements were orthogonal in nature. 

This is not to say that the populations of neurons which responded to preparatory activity and 

movement were separate, but that the population-level patterns were distinct. Miri et al. (2017) 

examined a similar paradigm exploring treadmill walking and precision level-pulling in mice. They found 

that these two different tasks recruited distinct and orthogonal population-level subspaces of activity. 

We will use this approach in chapter 4 and 5 to investigate whether neural null spaces in M1 

neural populations are used to contain information that is not useful to control of the contralateral limb. 
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We will investigate this using the previously mentioned ipsilateral responses that exist in M1 because 

they are useful for bimanual coordination, and yet are clearly also present in unimanual situations that 

require no bimanual coordination. Our primary goal will be to characterize the responses of M1 neurons 

to transient and sustained elbow and shoulder loads on the ipsilateral arm and identify whether this 

information is contained in a null space with regards to responses to loads on the contralateral arm. 

 

1.5 Experimental Overview 

This thesis was motivated by the desire to understand how primary motor cortex, an area that 

display informationally rich neural activity, could contribute to very specific spatiotemporal patterns of 

muscle activation. It is built on the idea that M1 is highly involved with generating these patterns of 

muscle activity (Evarts, 1968; Fetz et al., 1989; Humphrey, 1972; Scott, 1997). Our hypothesis is that M1 

contributes directly to the spatio-temporal patterns of activity necessary to drive muscle activity and 

isolates unrelated activity using separate subspaces.  

We investigate this problem across three experiments. We used a similar experimental 

apparatus in all three experiments. Rhesus macaques were trained to use a robotic exoskeleton 

(KINARM, BKIN Technologies Ltd., Kingston, ON) which allows movement of the elbow and shoulder 

restricted to a horizontal plane (Scott, 1999). The experiments involved recording and analyzing M1 cell 

recordings while the monkey performed voluntary movements and responded to forces applied to the 

elbow and shoulder by the robot. 

The first experiment, covered in Chapter 2, addresses the question of whether M1 contains the 

necessary information to product the spatio-temporal patterns of muscle activity. A key step we 

perform is to isolate our classification of motor fields based on one task from predictions on how M1 

activity relates to muscle activity in another task. First, we determine each neuron’s motor field based 
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on response to loads applied to the shoulder and elbow during a postural load task. Next, we compared 

the activity of all neurons with motor fields associated with the same muscle group to the activity of that 

muscle group. Our hypothesis is that M1 activity will parallel that activity of its motor field including 

variations in the magnitude and timing of activity across movement directions. 

In chapter 3, we examine the relationship between M1 activity related to the ipsilateral and 

contralateral arms. We examine the activity of neurons during a postural perturbation task in which 

loads are applied to the shoulder and/or elbow joints for each forelimb. We define output-potent and 

output-null space using PCA analysis based on the activity associated with contralateral movements. We 

hypothesize is that neural activity related to the ipsilateral limb will remain in output-null space. 

Lastly, Chapter 4 investigates how the motor system represents information relating to 

ipsilateral and contralateral activity simultaneously in M1. Given that neurons have limits on their firing 

rates, there is a question as to how M1 deals with many types of information simultaneously. We follow 

the same paradigm as chapter 3 but perturb both arms simultaneously in two different torque 

combinations. Comparing the activity in M1 during the combinations of loads  to the activity during the 

separate application of loads allows us to examine how the signals interact. We hypothesis that the M1 

activity will reflect a combination of the activity seen from each, as the two information sources reside 

in separate subspaces. We also hypothesize that the relative scale of each contribution must decrease 

when representing both contralateral and ipsilateral information.  
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Chapter 2 Primary motor cortex neurons classified in a postural task predict muscle activation 

patterns in a reaching task 

2.1 Abstract 

Primary motor cortex (M1) activity correlates with many motor variables making it difficult to 

demonstrate how it participates in motor control. We developed a two-stage process to separate the 

process of classifying the motor field of M1 neurons from the process of predicting the spatiotemporal 

patterns of its motor field during reaching. We tested our approach with a neural network model that 

controlled a two-joint arm to show the statistical relationship between network connectivity and neural 

activity across different motor tasks. In rhesus monkeys, M1 neurons classified by this method showed 

preferred reaching directions similar to their associated muscle groups. Importantly, the neural 

population signals predicted the spatiotemporal dynamics of their associated muscle groups, although a 

sub-group of atypical neurons reversed their directional preference suggesting a selective role in 

antagonist control. These results highlight that M1 provides important details on the spatiotemporal 

patterns of muscle activity during motor skills such as reaching. 

2.2 Introduction 

The motor system precisely controls the activity of muscles to generate smooth and accurate 

motor actions.  For example, goal-directed reaching involves agonist muscle activity to propel the hand 

toward the goal and antagonistic muscle activity to decelerate and stop at the goal (Flanders et al., 

1994; Marsden et al., 1983; Wierzbicka et al., 1986). The selection, onset time and magnitude of muscle 

activity during reaching depends on many factors such as target and initial limb position, arm geometry, 

and external loads (Caminiti et al., 1990; Hong et al., 1994; Karst and Hasan, 1991; Scott, 1997). 
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Primary motor cortex (M1) plays an important role in voluntary motor functions, such as 

reaching, but its specific role remains debated. The classic dichotomy is whether its activity reflects 

muscles or movements (Phillips, 1975).  The latter suggests that M1’s contribution is to define 

behavioural goals (e.g. direction and extent of movements) leaving subcortical and spinal structures as 

the primary source for generating spatiotemporal patterns of muscle activity (Georgopoulos, 1995; 

Raphael et al., 2010). Indeed, many studies have shown that M1 activity correlates with many high level 

parameters such as direction of hand motion (Georgopoulos et al., 1982; Philip et al., 2013; Toxopeus et 

al., 2011), hand movement speed (Schwartz, 1993), and target direction and speed (Johnson et al., 

1999). 

The other end of the spectrum is the view that primary motor cortex directly generates 

spatiotemporal patterns of muscle activity for goal-directed movements (Bennett and Lemon, 1994; 

Cherian et al., 2013; Scott, 2003, 1997). Although the exact patterns of muscle activity for limb 

movement are only specified at the spinal level, as spinal afferent feedback will influence motor output, 

the idea is that basic features such as the selection, timing and magnitude of muscle activity are 

specified by neurons in M1. Indeed, several studies have quantified how M1 activity correlates with the 

activity of hand and wrist muscles (Bennett and Lemon, 1996; Evarts, 1968; Humphrey, 1972; Kakei et 

al., 1999; Oby et al., 2013) or proximal arm muscles (Cherian et al., 2013; Murphy et al., 1985; Scott, 

1997; Sergio and Kalaska, 2003; Todorov, 2000). 

The lack of strong causal evidence for one of these options indicates that identifying a simple 

correlation is not sufficient to identify the role of M1 in voluntary motor control. There are many 

different patterns of muscle and neural activity, and finding arbitrary correlations is relatively easy 

(Humphrey, 1972). One way to circumvent this problem is to dissociate different movement parameters, 

such as by making movements with different torques or arm configurations (Cherian et al., 2013; Fromm 

and Evarts, 1977; Kakei et al., 1999; Scott and Kalaska, 1997; Sergio and Kalaska, 2003). Inevitably, these 
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studies identify that some neuronal activity in M1 can reflect many different features of motor actions. 

However, the presence of some high level information in M1 does not preclude its role in specifying 

spatiotemporal patterns of muscle activity. 

Better support for a role in generating patterns of muscle activity is to separate the process for 

identifying the portion of the motor periphery associated with a given neuron – its motor field – from 

the process of relating its spatiotemporal activity to muscles in that motor field. A similar concept is the 

sensory field of a neuron, which is portion of the periphery to which applying stimuli elicits firing. 

Identifying a sensory field is relatively straightforward as it requires one to simply apply or present a 

controlled stimulus. It is less clear how to define motor fields. 

The synaptic connectivity of neurons that project to proximal limb motor neuron pools can be 

roughly identified by spike-triggered averaging (Cheney and Fetz, 1985, 1980; Fetz and Cheney, 1978; 

Kasser and Cheney, 1985; McKiernan et al., 1998). However, the variability in STA timing, and the 

inability to record from all muscles at once, makes it very difficult to describe a complete connectivity 

mapping from STA connectivity. If the scope of investigation is limited to monosynaptically connected 

corticomotorneurons (CM cells), the proximal limb has reduced CM cell representation compared to the 

distal limb (Buys et al., 1986; Palmer and Ashby, 1992) and CM cell distribution is limited to the caudal 

(new) section of M1 (Rathelot and Strick, 2009). Intra-cortical micro-stimulation can be used to identify 

muscle connectivity by repeated stimulation and stimulus-triggered-averaging (Buys et al., 1986; Cheney 

and Fetz, 1985), however this technique does not guarantee single-neuron activation. Cheney and Fetz 

(1985) and Lemon et al. (1987) show increased muscle activity for increased stimulation current and 

conclude that stimulation likely activates multiple neurons in proximity. 

The present study used two different behavioural tasks to separate the process for identifying a 

neuron’s motor field from the process of comparing spatiotemporal patterns of activity between 

neurons and muscles. First, the motor field of M1 neurons and limb muscles were identified based on 
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their load preference using a posture task consisting of combinations of shoulder and elbow flexion or 

extension torques (Figure 2-1A). A neural network model that we used to drive our predictions (Lillicrap 

and Scott, 2013) highlighted that the torque preference of the model’s ‘cortical’ units correlated with 

the torque preference of their synaptically associated muscle groups. The model predicted that neurons 

with similar motor fields – defined by the posture task – would show correlated directional preferences 

in a reaching task. We tested this prediction by examining the directional preferences of monkey M1 

neurons during center-out reaching to a range of peripheral targets (Figure 2-1B). Consistent with our 

model, we found that the activity of each neuronal population predicted the spatiotemporal patterns of 

their respective muscle groups. Interestingly, a small subset of the neurons in each group possessed 

directional preferences during reaching that were opposite to that observed for its associated muscle 

group. These atypical neurons may be indicative of selective control when the muscle acts as an 

antagonist during motor skills. 

2.3 Methods 

2.3.1 Subjects and Apparatus 

Five male rhesus monkeys (Macaca mulatta, 6–12 kg, monkeys A-E) were trained to perform 

reaching and posture tasks while attached to a robotic upper-limb exoskeleton (KINARM; BKIN 

Technologies, Kingston, Ontario, Canada). This exoskeleton maintained the arm in a horizontal plane at 

shoulder height permitting motion at the shoulder and elbow, and allowing mechanical torques to be 

applied at either joint (Scott, 1999). Targets and a dot representing hand feedback location were 

presented in the plane of the arm via reflection in semi-transparent glass. These experiments were 

conducted in accordance with the Queen's University Animal Care Committee. 
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2.3.2 Behavioural Tasks 

Posture task. This task has been previously described (Cabel et al., 2001; Herter et al., 2007). In 

each trial, a constant torque was applied to the elbow and/or shoulder. The monkey then stabilized the 

hand within a central 0.8cm-wide stationary target for at least 3 seconds. Nine constant torques were 

used, consisting of elbow flexion (EF) or extension (EE), shoulder flexion (SF) or extension (SE), four 

multi-joint torques (SF+EF, SF+EE, SE+EF, SE+EE), and an unloaded condition (Figure 2-1A). Torques of 

magnitude 0.12Nm were used for monkeys A-C,E and 0.32 Nm for Monkey D. Five blocks were 

presented, each containing the 9 load conditions in random order, for a total of 45 trials. 

Reaching task. This task has been previously described (Kurtzer et al., 2006b). Monkeys began 

each trial by maintaining their index finger (white dot) within a central start target (8mm radius). This 

start target was positioned such that the shoulder and elbow were at approximately 30⁰ and 90⁰, 

respectively. After a random time period (1.5-2.0s), a peripheral target (12mm radius) then illuminated 

6cm from the central target. The monkey then moved between the start and peripheral target in 220 to 

350ms, generating total reach times of ~500 to 600ms when including intra-target acceleration and 

deceleration. Eight such peripheral targets were located around the start target. For monkeys A and B, 

these were distributed such that they were roughly distributed uniformly in torque space in two 

arrangements (Figure 2-1B i,ii). For Monkeys C-E, the targets were uniformly distributed in Cartesian 

space in two arrangements (Figure 2-1B iii,iv). In monkey D, some trials were also performed with 3cm 

reaches (target pattern not shown). Five blocks were presented, each containing the 8 reach directions 

in random order, for a total of 40 trials. 

 

2.3.3 Data collection 

Neuronal recordings were obtained from the elbow/shoulder region of primary motor cortex 

(M1), contralateral to the arm used to perform the behavioural tasks, using standard recording 
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techniques (Scott et al., 2001; Scott and Kalaska, 1997). Activity of these neurons was recorded during 

both the reaching and posture tasks.  

We examined the activity of elbow and shoulder flexor and extensor muscles using 

electromyography during the posture and reaching tasks. In most cases, we recorded through a pair of 

percutaneous Teflon-coated 50-μm stainless steel wires using standard recording techniques (Scott and 

Kalaska, 1997).  In monkeys A and C, we recorded some muscle activity from chronically implanted 

bipolar multi-strand electrodes (Kurtzer et al., 2006b; Scott and Kalaska, 1997). Chronic electrode 

recordings were only selected if they occurred more than a week apart, to minimize redundant data. 

Recordings were taken from biceps (12 percutaneous, 13 chronic), brachioradialis (7, 11), brachialis (6, 

6), long head triceps (5, 19), posterior deltoid (8, 10), lateral triceps (8, 3), middle triceps (2, 0), anterior 

deltoid (3, 11), and pectoralis major (6, 6). To ensure that the percutaneous recordings were not being 

skewed by the chronic recordings, we compared the mean preferred torque direction (PTD, described in 

Data analysis) between percutaneous and chronic recordings across muscles, and found no difference 

(paired t-test, t=0.02, p=0.98), and while the average variance in PTD was lower for chronic recordings 

(3.4°) than percutaneous (7.0°).  

Joint kinematic data and EMG were recorded at 1 kHz (Monkeys A–C) or 4 kHz (Monkeys D,E). 

Neuronal firing was binned into 5ms bins, and EMG and kinematic data were down-sampled to 200Hz 

for data storage. 

 

2.3.4 Data analysis 

Preferred torque direction. Combinations of shoulder and elbow torques were described in 

torque space where shoulder torque was represented along the x-axis and elbow torque was 

represented along the y-axis. Positive torque, in each axis, was defined as flexor torque to oppose joint-

extending applied torques, so that shoulder flexor torque was at 0⁰, elbow extensor at 90⁰, shoulder 
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extensor at 180⁰, and elbow extensor at 270⁰.   A plane was fit to EMG activity or cell firing rate 

associated with the elbow/shoulder torque in this space.. We used only the EMG activity or cell firing in 

the last two seconds of hold time to ensure that recordings were from a period of stationary posture.  If 

the plane had a statistically significant slope, the angle of maximal slope was defined as the torque 

which elicited either a muscle’s maximal activation or neuron’s maximal firing rate. This preferred 

torque direction (PTD) was measured counter-clockwise from shoulder flexion. 

Preferred reaching direction. A given reach movement was assigned a reach direction in 

Cartesian space, increasing counter-clockwise from the positive x-axis. It was calculated by the angle 

from the origin to the hand position at maximal tangential velocity. EMG activity and neuronal firing rate 

were integrated around (-50ms to 150ms) movement onset, which was defined as the time when the 

hand first attained 5% of maximum hand speed. This activity was fit to a plane based on the angle of 

each reach and the activity during each reach. If the plane had significant slope, the preferred reaching 

direction (PRD) was defined as the angle which had maximal slope on the plane. It described the 

maximum spatial modulation of either a muscle’s activation or neuron’s firing rate. 

Spatiotemporal dynamics of reaching. Activities in each trial were aligned temporally on the 

calculated reach onset time. Baseline activity was removed by calculating the mean activity of each 

neuron or muscle recording during the initial hold period over all trials and subtracted from all trials for 

that recording. Activity for each muscle or neuron was then divided by the maximum activity across 

reaching directions for that recording. Data were smoothed using a Gaussian kernel with a 5ms standard 

deviation. 

 

2.3.5 Modelling 

To predict the responses of a neural system with defined motor fields, we implemented a static 

neural network model similar to that developed by Lillicrap & Scott (2013). . The model consisted of a 
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vector of ‘cortical’ units, z, which controlled 6 muscle groups, u, controlling a two-joint arm in the 

horizontal plane via linear output weights, w (Figure 2-2A). Muscle activity was kept positive via the 

standard sigmoid - that is, u = σ(w · z). Modelled muscle activity generated torques and hand velocities 

via a function that approximated the biomechanics of a 2-joint revolute arm constrained to move in the 

horizontal plane. This function was computed by linearizing a dynamic model that included limb 

geometry, intersegmental dynamics, and mono- and bi-articular muscles with force generation 

dependent on length and velocity. Muscle tension forces, t, are obtained by element-wise multiplication 

of muscle activity with linearized F-L/V scaling factors appropriate for the movement direction, i.e., t = H 

· u. Joint torques are computed via: τ = M t. And hand velocity is determined by the linear 

transformation, y = G F τ, where F and G are local linear approximations to limb dynamics and the 

geometric mapping between joint and hand velocity, respectively.  This static model was derived as a 

simplified version of a dynamic model which executed reaching movements over a sequence of time 

steps and in which the network model was connected in closed loop with the arm.  One of the findings 

of this previous work was that a static model based on a linearization of the dynamic version captured 

the most salient features of the population neural activity (Lillicrap & Scott 2013).  The static version also 

has the benefit of being easier to optimize, analyze, and understand. Parameters for the limb 

biomechanics were derived from published work on monkey limb and muscle characteristics (Cheng and 

Scott, 2000; Graham and Scott, 2003; Singh et al., 2002).  

We optimized z to solve analogues of the posture and reach tasks while keeping the square of 

the neural and muscle activities small. For the reaching task, the model captures movement initiation.  

In this case z* is found by minimizing the difference between target and actual hand velocity for a given 

movement, 𝑒𝑒 = �̇�𝑦𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − �̇�𝑦, while keeping unit and muscle activity small; that is, 𝑧𝑧 ∗ =  𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑧𝑧 =

 ��̇�𝑦 − �̇�𝑦𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡� + 𝛼𝛼‖𝑢𝑢‖ + 𝛽𝛽‖𝑧𝑧‖.  For the posture task, the model captures the steady state condition 

during which the joint torques are countered and the arm is at zero velocity.  In this case z* is found by 
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minimizing the difference between applied and actual joint torques, 𝑒𝑒 = 𝜏𝜏𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝜏𝜏, while keeping unit 

and muscle activity small; that is, 𝑧𝑧 ∗ =  𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑧𝑧 =  �𝜏𝜏 − 𝜏𝜏𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑎𝑎� + 𝛼𝛼‖𝑢𝑢‖ + 𝛽𝛽‖𝑧𝑧‖.  In both cases, α 

and β are set to 1e-6. Importantly, for a given simulation, the elements of the matrix w were drawn 

randomly from a normal distribution (σ = 0.05) and were unaltered during optimization. This meant that 

a given unit maintained the same relative contribution to each muscle at the periphery across tasks. Unit 

activity was optimized to generate 16 target torques (posture task) and 16 target velocities (reach task) - 

both equally distributed about the unit circle. In practice, we used a preconditioned conjugate gradient 

descent algorithm with back-tracking line searches to find an optimal vector of activity for a given trial. 

In line with the analysis of biological data, the activity of z and u across all 16 torques and reach 

directions were plane fit to determine preferred reach and torque directions. 

2.4 Results 

Neural network model: Relation of torque preference and motor field 

We used a static neural network model similar to that developed by Lillicrap & Scott (2013) to 

examine the relationship between neural connectivity, torque preferences during posture, and 

directional tuning during reaching. The activation of model cortical units, z, were optimized to generate 

combinations of elbow and shoulder torque for the posture task and different hand velocities for the 

reaching task. Though we used a PCG algorithm for the results reported here, the same essential results 

can be obtained with virtually any gradient based optimization routine.  In particular, we find the same 

results using L-BFGS and stochastic gradient descent (SGD), though SGD takes significantly longer to 

converge.  Given that the optimization we perform is non-linear and high dimensional, we are not able 

to find a global minimum. Our results are thus based on local minima - but they are robust minima in the 

following sense: we repeated the simulation 10 times from random initializations of the synaptic weight 

matrix and found the same characteristic pattern of PTD/PRD distributions in each case. Thus, there 
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appears to be a large family of such minima - all of which produce similar behavioral performance and 

PTD/PRD distributions. 

We compared the torque preference of units in the network to its connectivity to evaluate how 

well its torque preference estimated its motor field. To quantify torque preference, we fit a plane to the 

activation of each unit across torque combinations in the two-dimensional elbow/shoulder torque 

space. The preferred torque direction (PTD) of a unit was the angle in torque space to which the unit 

was maximally active. Across simulations, we found that 99.4% of units had a significant (p<0.01) PTD in 

the posture task. The distribution of the significant PTDs for one training session can be seen in Figure 2-

3A. The resulting distribution was bimodal (r=0.31, p<0.001), aligned in much the same manner as the 

previously reported distribution of M1 neurons (Herter et al., 2007; Pruszynski et al., 2014), with the 

majority of units related to whole-limb flexion or extension. 

In such a straightforward model, one might assume that a given unit would always show an 

identical relationship between its torque preference and its anatomical connectivity given that the unit 

can only produce torque in a given direction when activated alone. We calculated the motor field 

preferred torque (MFPTD) direction of a given unit, zi, by multiplying its output weights (motor field), wij, 

with the vector of preferred torque direction of each output unit in the posture task, uj, and then vector 

summating. It is important to note that the preferred torque direction of each output unit is not the 

simple direction of force production for that unit. Due to the redundant force profiles of the biarticular 

muscles and the dynamics of the limb the preferred direction of an output unit rotates away from its 

simple force production direction (Lillicrap and Scott, 2013). We found a circular correlation (r=0.86, 

p<0.001) between the unit’s MFPTD and its preferred torque direction (PTD) in the posture task (Figure 

2-2B), however the relationship was not perfect. To see how different connectivity patterns might be 

influencing this relationship, we looked at the degree to which a unit co-activated opposite muscle 

groups together (co-contraction). We normalized each set of weights from a unit to its muscle groups, 
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multiplied these by their respective MFPTD vectors, and vector averaged them. The length of the 

resulting vector for each unit was used as an indicator of co-contraction, with a short vector indicating 

more co-contraction. The average difference between PTD and MFPTD was 22⁰. Units with low co-

contraction (MFPTD vector length > 0.4, 9.1% of units) had an average difference of 7⁰ (r=0.99), whereas 

units with high co-contraction (MFPTD vector length < 0.1, 11.7% of units) had an average difference of 

62⁰ (r=0.40). This suggests that the statistical dispersion in the relationship between torque preference 

and anatomical connectivity is caused by those units with stronger synaptic connections to antagonist 

muscles. 

 

Neural Network Model: Relation of torque and reaching direction 

We used our model to predict the relationship between preferred torque direction and reaching 

activity for units in the neural network model. Reaching activity was described by a preferred reaching 

direction (PRD) – the direction in Cartesian space toward which a reach movement would elicit maximal 

unit activity. Across all simulations, we found that 98.7% of units had a significant PRD (plane fit p<0.01). 

The distribution of significant PRDs for one training session of units can be seen in Figure 2-3B. The 

bimodality (r=0.52, p<0.001) towards the top-left and bottom-right that emerges is stable across 

simulations. The distribution was consistent for static and dynamic networks (Lillicrap and Scott, 2013) 

and previous observations on M1 neurons (Scott et al., 2001). 

Novel in this study, we compared PTD and PRD for each model unit which had both a significant 

PTD in the posture task and a significant PRD in the reaching task (98.1%). As can be seen in Figure 2-4A, 

there is a consistent relationship between the PTDs and PRDs, where two clusters emerge due to the 

interaction of the bimodalities noted in each distribution. Figure 2-4B displays a histogram of the 

difference of PTD and PRD angles for all units, with the presence of a mean systematic shift of 152⁰ 

(circular correlation, r=0.84, p<0.001). This angle roughly corresponds to the shift in coordinate frames 
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between torque and hand space, used to define unit responses in the posture and reaching tasks, 

respectively. This rotational shift was stable across all ten simulation sets (150⁰-154⁰, circular SD=1.2⁰), 

indicating that the result is robust. There was some dispersion in the relationship between a unit’s PTD 

and PRD (circular SD=27⁰). Even though individual units had different PRD and PTD tuning across 

simulations, both the population distribution, and the relation between a given unit’s PTD and PRD 

remained statistically the same.  

 

Non-Human Primate Recordings: Muscle recordings 

We recorded and analysed the EMG activity of 9 muscles spanning the shoulder and/or elbow 

(151 suitable recordings) in 5 macaque monkeys in posture and reaching tasks. In the posture task, a 

monkey’s arm was maintained in the horizontal plane while combinations of flexor and/or extensor step 

torques were applied to the shoulder and/or elbow (Figure 2-1A). Recordings were made while the 

monkey held their hand stationary at a central position and countered these torques. Figure 2-3C shows 

an example of pectoralis major activity during the posture task. As previously reported (Kurtzer et al., 

2006a), this shoulder flexor, modulated its activity for torques applied at the elbow in addition to loads 

at the shoulder and, as a result, the preferred torque direction (PTD) for this muscle did not lie at 

shoulder flexion (i.e. 0⁰) line, as one would expect if the muscle activity reflected its anatomical action. 

Shifts across all muscles (Figure 2-3E) showed stereotypical clustering of preferred torque directions - 

one in the elbow-extension/shoulder-flexion quadrant and the other in the elbow-flexion/shoulder-

extension quadrant (Kurtzer et al., 2006a). 

In the reaching task, NHPs made fast center-out reaches to peripheral targets arranged around 

the starting position (Figure 2-1B). Figure 2-3D shows an example of pectoralis major muscle activity 

during reaching. Maximal activity in the example was observed towards the top left target reflecting the 

need for a large shoulder flexor torque to accelerate the arm towards that target (Graham et al., 2003). 
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In the bottom right direction, an activity peak can be seen about 200 ms later related to an antagonist 

burst to decelerate the arm. EMG activity was integrated over a 200 ms period starting 150 ms before 

movement onset (grey bar), to capture the activity associated with initial acceleration. Across all 

muscles, PRDs (128 significant muscle samples) were skewed towards one of two directions (Figure 2-

3F), one centred around 110⁰ and one around 280⁰ (Kurtzer et al., 2006a). 

As with the novel model analysis, we compared PTD and PRD for each muscle which had both a 

significant PTD in the posture task and a significant PRD in the reaching task (N=122). A strong consistent 

relationship between the PTDs and PRDs can be seen in Figure 2-4C where two clusters emerge: one 

(bottom left cluster) that includes the shoulder extensors, the elbow flexors and all bi-articulars and the 

other (top right) that includes the elbow extensors and shoulder flexors. Figure 2-4D displays a 

histogram of the difference of PTD and PRD angles for all muscles. There is a systematic shift of 152⁰ 

(circular r=0.87, p<0.001), very similar to that obtained for the network model. 

 

Monkey M1 recordings 

We recorded and analysed the activity of 540 M1 neurons in 5 monkeys in the posture and 

reaching tasks, with the same epochs as for muscle activity. Of these, 373 showed a significant PTD in 

the posture task (example neuron in Figure 2-3G) and 424 M1 neurons that showed a significant PRD 

during the reaching task (example neuron in Figure 2-3H). As seen in Figure 2-3I and 2-3J, the 

distributions of PTDs and PRDs for all M1 neurons showed stereotypical bimodalities as have been 

previously reported (Kurtzer et al., 2006a; Scott et al., 2001).  

 As with muscles, we compared PTD and PRD for each neuron which had both a significant PTD 

and PRD (N=314). Figure 2-4E shows two distinct clusters when comparing the PTD and PRD of M1 

neurons: one cluster with a PRD at 301⁰ and a PTD at 140⁰ (bottom left cluster), and another cluster 

with a PRD at 123⁰ and a PTD at 325⁰. The relation between the two preferred directions of M1 neurons 
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is clearly shown in Figure 2-4F as a 151⁰ shift (circular r=0.43, p<0.001) between PRD and PTD. Cluster 

locations were maxima of cell preferred directions convolved with a 2D windowed Gaussian distribution 

(σ = 10⁰). This shift and clustering is very similar to both the units of the network model, and the muscle 

recordings. Unlike the muscles and network model, a notable portion of M1 neurons show PTD-PRD 

differences not located near the diagonal of the plot. The result is a relatively low PTD-PRD correlation 

(r=0.43 cells, 0.84 model, 0.87 muscles) and large variance in their shift values (circular SD=61⁰ cells, 27⁰ 

model, 24⁰ muscles). We estimated whether these variances were significantly different by sampled the 

PTD-PRD difference values with replacement to create distributions of variances. The distribution of 

PTD-PRD variance for neurons had no overlap with either the muscle or model distributions. The muscle 

and model distributions of variance shared a 30% overlap. 

 

Prediction of patterns of muscle activity from M1 population signals 

Our first step to predict muscle activity during reaching was to classify the M1 neurons based on 

their similarity to muscle groups during a postural load task. Figure 2-5 highlights the distribution of 

PTDs of muscle for shoulder and elbow muscles. We defined four ranges in torque space representing 

flexors and extensors at each joint: elbow flexors (90⁰ to 135⁰), shoulder extensors (135⁰ to 180⁰), elbow 

extensors (270⁰ to 315⁰), and shoulder flexors (315⁰ to 360⁰). The four torque groups captured 75% of 

motor cortical neurons: 55 neurons were classified as elbow flexor neurons, 71 as shoulder extensor 

neurons, 54 as elbow extensor neurons, and 68 shoulder flexor neurons. When applied to our network 

model, these groupings captured 60.8% of units, with 14.5% to 15.6% of units in each group. 

Figure 2-6 displays the distribution of PRDs for each muscle group, the associated M1 neurons, 

and associated network units. Note that these distributions represent vertical slices, 45⁰ thick, of the 

PRD-PTD relationship shown in Figure 2-4E. The preferred reaching direction distributions for each 

group of muscles were unimodal, with shoulder flexors preferring 134⁰ (r=0.85, p<0.001), elbow flexors 
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preferring 261⁰ (r=0.83, p<0.001), shoulder extensors preferring 317⁰ (r=0.99, p<0.001), and elbow 

extensors preferring 98⁰ (r=0.63, p=0.03). Dispersion was relatively small for each muscle group 

illustrating that muscle within a group had similar reaching preferences.   

Each group of M1 neurons showed a significant unimodal distribution of PRDs, nearly identical 

to that of their comparative muscle group (Figure 2-6). Shoulder flexor neurons showed a preferred 

reaching direction of 128⁰ (r=0.66, p<0.001), elbow flexor neurons showed a preferred reaching 

direction of 293⁰ (r=0.32, p<0.001), shoulder extensor neurons showed a preferred reaching direction of 

313⁰ (r=0.48, p<0.001), and elbow extensor neurons showed a preferred reaching direction of 95⁰ 

(r=0.35, p=0.002). M1 neurons associated with each muscle group showed a much greater range of 

preferred reach directions.  Watson-Williams tests between muscles and cells showed no difference in 

means, except a small (33.8 degrees), but significant difference for elbow flexors (SF: F1,72=0.02 p=0.65, 

EF: F1,102=5.12 p=0.03, SE: F1,101=0.13 p=0.71, SF: F1,55=0.01 p=0.92).  

The torque groupings were also used to classify neural network units in a similar fashion (Figure 

2-6). Shoulder flexor units showed a preferred reaching direction of 119⁰ (r=0.92, p<0.001), elbow flexor 

units showed a preferred reaching direction of 269⁰ (r=0.88, p<0.001), shoulder extensor units showed a 

preferred reaching direction of 298⁰ (r=0.91, p<0.001), and elbow extensor units showed a preferred 

reaching direction of 89⁰ (r=0.89, p<0.001). As the neural network units followed the same pattern as 

both muscles and M1 neurons in distribution, it was not surprising that each torque-based group also 

had close overlap with the PRD of both M1 neurons and muscles. 

 

Muscle-like spatiotemporal dynamics 

While predicting the agonist burst activity of the spatiotemporal activity was a first step, we 

further examined whether M1 neurons could predict the full temporal pattern of shoulder and elbow 
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muscle activity across directions during reaching. We evaluated the population activity of each group of 

M1 neurons over time and compared this to the activity of each group of muscles.  

Illustrations of normalized population activity over time and across reach direction for each 

group of M1 neurons can be seen in Figure 2-7A. Clear maximums of activity emerge prior to reach 

onset in a primary direction for each group. Given that PRD was determined by the epoch of time 

around reach onset, it is not a surprise that these maximums align with the PRD of each torque-

classified group. Qualitatively, the overall patterns of activity are similar between M1 and their 

corresponding muscle groups. Given that each group seemed to have a similar profile of activity across 

time but for different reach directions, we computed 2-dimensional correlations between each M1 

group and all muscle groups (Figure 2-7B) and found high degrees of correlation (shoulder flexor r=0.82, 

elbow flexor r=0.74, shoulder extensor r=0.74, elbow extensor r=0.75). Each muscle group’s 

spatiotemporal activity was predicted best by its respective M1 neuronal group, with latencies of 

maximal correlation that show M1 activity precedes muscle activity (shoulder flexor -30ms, elbow flexor 

-70ms, shoulder extensor -30ms, elbow extensor -65ms). Figure 2-7C displays the aggregate of all four 

groups highlighting how specific shifts in the timing and magnitude of agonist muscle activity before 

movement is preceded (average latency -35ms) by similar spatiotemporal patterns in M1 (Scott, 1997).  

We also investigated the spatiotemporal output of the subset of M1 neurons that appeared to 

have an atypical, opposing PRD-PTD relationship. We decomposed the aggregate M1 activity by 

selecting neurons that were within 30⁰ of the expected relationship (around the 151⁰ PRD-PTD), and 

those that were opposite to these. As can be seen in Figure 2-8A and 2-8B respectively, both sets of 

neurons seemed to have bursts of activity; however, the atypical M1 neurons had later temporal 

characteristics for their burst (Figure 2-8C), which occurred in the opposite reaching direction. A cross-

correlation of the maximum aggregate activity showed that the atypical activity burst occurred 50ms 

later than the typical agonist burst. Interestingly, the atypical neurons’ agonist-direction activity (solid 
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red line) appeared to be larger with a longer duration than the regular population’s antagonist-direction 

activity (dashed black line), lasting well after the reaching movement was completed. Thus, across the 

population, the preferred direction of these atypical cells was aligned with its motor field after 

movement when maintaining the hand at the peripheral target. 

2.5 Discussion 

Several studies have shown correlations between M1 activity and EMG in monkeys (Bennett and 

Lemon, 1996; Evarts, 1968; Fetz et al., 1989; Humphrey, 1972) and cats (Drew, 1993; Drew et al., 2002). 

However, given the diversity of EMG activity across muscles during a motor action, one can likely find 

that a neuron’s activity will correlate with at least one of them. Here we show these correlations remain 

when classification and prediction are separated. We classified M1 neurons into one of four distinct 

motor fields (elbow flexor, elbow extensor, shoulder flexor, and shoulder extensor) using a static load 

task. We then generated a population signal from each group and predicted the spatiotemporal activity 

of the corresponding muscle during a dynamic reaching task.  The preferred direction of most neurons 

matched the directional preference of muscles with the same motor field.  Interestingly, a small 

proportion of neurons had preferences in the opposite direction.  

A receptive field of a sensory neuron can be defined as the part of the body to which a stimulus 

elicits activity by this neuron. These can be easily defined by repeated application of stimuli and finding 

the parts of the body to which firing of a neuron correlates. It is implicitly assumed from this that a 

neuron that fires in relation to a stimulus is caused by that stimulus. A related concept is a motor field, 

which can be defined as the portion of the body associated with a given motor-related neuron. While 

the target innervation, or muscle field, of some neurons, such as corticomotoneurons, can be identified 

by spike-triggered averaging of EMG (Cheney and Fetz, 1985, 1980), this does not necessarily define the 

portions of the body to which the neuron fires. Even when limiting to CM cells which have monosynaptic 
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connections to motoneuron pools, Griffin et al. (2015) showed how directional tuning, or motor field, of 

some CM cells does not necessarily align with the muscle field, or connectivity. As well, CM cells 

represent only a small fraction of corticospinal neurons that predominantly target the distal 

musculature in primates (Buys et al., 1986; Palmer and Ashby, 1992), and are localized mainly in the 

caudal portion of M1 or “new M1” (Rathelot and Strick, 2009). More directly, a motor field can be 

defined based on whether a neuron is active when the animal performs a motor action with a given 

body part, as we have done in the present study. However, unlike sensory fields, it is not necessarily true 

that there is a causal link between the neuron’s activity (motor field) and motor output of that body 

part.  

We examined this relationship using a relatively complex artificial neural network with 1000 

neural units to observe the relationship between a unit’s connectivity and activity relative to the motor 

periphery. The model displayed a strong similarity between the unit’s torque preference (PTD) and the 

activity preference of its motor field (MFPTD) during the postural load task. However, the directional 

preferences were not identical as there was a mean difference of 22 degrees. Thus, in general, the 

activity of the unit during a task was a good indicator of its synaptic connectivity to the motor periphery. 

This was more accurate for the units that had strong unidirectional connectivity without strong synaptic 

connections to antagonist muscles.  

The presence of PTD-MFPTD variability in the artificial neural network parallels previous 

experimental work demonstrating a statistical relationship between the muscle field of CM cells 

(defined by STA, Fetz and Cheney, 1978) and the associated patterns of activity of forearm and hand 

muscles during a precision grip task (Bennett and Lemon, 1994). In that study, the observed correlations 

were relatively modest, the highest of which was 0.69. Some of this variability may be explained by task-

dependant variation in the connectivity using STA (Buys et al., 1986). However, our network model 

showed that a more complex pattern of synaptic connectivity may contribute to a lower overall 
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correlation value. Ultimately, our model suggests that a perfect correlation will not exist between 

muscle fields and motor fields as the neuronal activity reflects not only the activity of target muscles, 

but also the activity of the rest of the network (Lillicrap and Scott, 2013). 

Our model also demonstrated that the preferred pattern of activity relative to the motor 

periphery remains relatively constant across motor behaviours.  In other words, if a unit was maximally 

active when the elbow flexors were maximally active for postural loads, it will tend to be active when 

the elbow flexors are maximally active during reaching. A fixed motor field is consistent with the 

observation that neural responses can be predicted when loads are combined at the shoulder and elbow 

(Gribble and Scott, 2002) and are similar for transient and sustained loads (Herter et al., 2009; 

Pruszynski et al., 2014). It is also consistent with several studies that highlight how the reaching 

directional preference of neurons and muscles both tend to rotate similarly with applied curl fields 

(Cherian et al., 2013), changes in arm geometry (Scott and Kalaska, 1997) or start position (Caminiti et 

al., 1991; Sergio and Kalaska, 1997). Again, there is some dispersion in the directional preference across 

tasks or conditions, likely reflecting how unit activity is influenced by factors beyond its motor field. 

Similar methodology to the present study was used by Sergio et al. (2005) to examine M1 activity 

between isometric force production and a dynamic reaching paradigm. Their results show similar 

patterns of correlation between isometric force and reaching preferred direction which support the 

notion of M1 motor fields that persist across tasks. Here we show this specific correlation between the 

activity of M1 neurons and its motor field.  

It is important to recognize that a fixed motor field does not mean that a neuron is always active 

when its associated muscles are active during voluntary motor actions. It has been shown that neurons 

strongly active during precision grip were much less active for power grip that required more muscle 

force (Muir and Lemon, 1983). As well, load representations can change between posture and 

movement, but their directional preference remains relatively constant (Kurtzer et al., 2005) and can be 
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only active when the muscle is used for a specific phase of movement (Griffin et al., 2015). Even when 

neural activity reflects features such as the direction of the spatial goal, these neurons likely remain 

associated with a specific body part such as the wrist (Kakei et al., 1999) or elbow/shoulder (Sergio and 

Kalaska, 2003).  

While the essential PRD and PTD patterns are quite similar between network model and real 

neurons, the variability in the difference between the PRDs and PTDs is notably greater in the neurons 

than in the model.  There are many possible sources for this difference in observed variability.  First, 

there is noise in the empirical estimates of the PRDs and PTDs, whereas in the model these quantities 

can be measured perfectly. As well, the only source of noise in the model, given a fixed and 

deterministic optimization procedure, is the random initialization of the weights, w.  Second, our model 

assumes that all of the model cortical units directly contributed to driving muscle activity by way of 

monosynaptic connections.  In reality, only a subset of M1 neurons project to the spinal cord, and most 

of these synapse predominantly on spinal interneurons and can be influenced by spinal processing.  As 

well, we may expect that neurons that do not project to the spinal cord – which may connect to other 

brain areas (Turner and DeLong, 2000), or recurrently within M1 – to show activity dissociated from the 

muscles.  As well, motor cortical neurons reflect aspects of motor function beyond patterns of motor 

output, such as correlates of movement kinematics (Kalaska et al., 1989) and behavioural goals (Kakei et 

al., 1999). Neural activity is also context (Hepp-Reymond et al., 1999), phase (Griffin et al., 2015) and 

task-dependent (Buys et al., 1986; Kurtzer et al., 2005).  These complexities will necessarily influence the 

relationship between motor cortical activity across postural and movement tasks and likely increase 

variability in the difference between their PRD and PTD. 

At the same time, given the complexity of neural processing in M1 it is surprising its activity can 

predict the patterns of muscle activity. The patterns are not exact however particularly related to 

activity patterns when the muscles are antagonists. The general similarity between M1 and muscle 
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activity suggests that spinal processing is not dramatically altering descending commands (Lillicrap and 

Scott, 2013).  While adding an additional network layer to our model to simulate the influence of a 

spinal cord or other systems may have given us a higher network variability, adding complexity was not 

the aim of this study. We were not interested in exactly modeling the descending stream from primary 

motor cortex, but rather to producing testable hypotheses that stem from a system with an unchanging 

relationship with the periphery. 

Our analysis focussed on exploring the relationship between M1 neurons and flexor and 

extensor muscle groups at the shoulder and elbow. However, this does not mean that M1 neurons are 

associated with all muscles within a given group, nor that they are only associated with a single muscle 

group. Most certainly M1 neurons synapse onto many motor neurons (directly or indirectly) including 

those in different muscle groups and muscles that span multiple joints as demonstrated with STA 

(Cheney and Fetz, 1985; McKiernan et al., 1998; Smith and Fetz, 2009). We find several neurons with 

load preferences related to combined flexor or extensor loads at the shoulder and elbow, a pattern of 

activity not observed for any muscles (Kurtzer et al., 2006b).  These neurons likely have muscle fields 

that span both joints. Even those neurons with load preferences associated with a single muscle group, 

likely have a motor field beyond that group. 

The idea of a motor field is closely related to the idea of muscle synergies. While the basic 

definition of a muscle synergy is simply the cooperative action of two or more muscles, some theorize 

that the motor system simplifies control by only varying a small number of muscle synergies (d’Avella et 

al., 2006). One prediction from this theory is that there would be a fixed number of motor fields 

represented in a region like M1. In our postural load task, these synergies should appear as clusters of 

preferred loads in our M1 sample. In fact, the distribution of load preferences do appear to be clustered 

into two groups one related to whole-limb flexion and one related to whole-limb extension (Herter et 

al., 2009; Kurtzer et al., 2006a). However, this bias appears to be due to the presence of bi-articular 
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muscles (Lillicrap and Scott, 2013) – in a model with no bi-articular muscles, the distribution of load 

preferences is relatively uniform with no obvious clustering. The units spanned all possible combinations 

of control, rather than showing a reduced set of controls. The spanned distribution was mirrored by the 

distributions of load and reach preferences observed for neurons in M1. As well, studies using STA also 

highlight diverse connectivity in their cell samples (Alstermark and Isa, 2012; Smith and Fetz, 2009). 

Thus, there are likely many more motor fields (and muscle synergies) represented in M1 neurons than 

muscles in the body. 

It was surprising to find atypical cells where the directional preference of the neuron during 

reaching was opposite to that of its muscle group identified from the postural load task. This sub-

population of neurons could not be identified in Scott (1997). In that study, neurons were first divided 

into elbow and shoulder groupings by their response to passive movement of the arm. Separation into 

flexor or extensor sub-groups was defined by their preferred direction during reaching, and thus, they 

would have simply been classified with the antagonist muscle group at that joint. 

The onset time of this atypical population of neurons was delayed as compared to neurons with 

directional preferences aligned with the directional preference of their motor field. One possible 

explanation is that these neurons are preferentially involved in controlling muscle activity when it is an 

antagonist to decelerate the limb. Drew and colleagues (Drew, 1993; Drew et al., 2002) found that some 

M1 neurons in cats during locomotion were only active when a specific modification of the muscle 

activity was required, suggesting that the activity of some M1 neurons could be task-dependent. Task-

dependent processing in M1 has also been observed in previous reaching and posture comparisons 

(Kurtzer et al., 2005). While the latency between atypical and typical activity was much shorter than the 

latency between the muscular agonist and antagonist, a recent study by Griffin et al. (2015) also showed 

that cells which were functionally tuned for antagonist activity show activity only shortly after those 

tuned for agonist activity. The antagonist activity was relatively weak in the present study due to the 
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speed of reaching and contribution of friction from the exoskeleton assisting the deceleration of the 

limb.  The potential contribution of these atypical neurons for controlling antagonist muscle activity 

could be examined by modifying the speed of the movement or inertia of the limb.  
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2.6 Figures 

 

 
Figure 2-1. Experimental posture and reaching tasks. A. In the posture task, the monkey was required to 
maintain its hand at a central target while flexion and/or extension torques were applied at the elbow 
and shoulder. The right panel illustrates the eight combinations of torques and an unloaded condition. 
B. In the reaching task, relatively fast reaches were made from a central origin to eight peripheral 
targets. The right panel displays the four different combinations of targets used in the datasets. 
 
  



53 
 

 
 
Figure 2-2. Predictions from the static neural network model. A. A representative schematic of one of 
the models. Two network units, z, are shown connected to muscle outputs, u, via random weightings 
shown by the thickness of the lines. The output variables, u, drove mono- and bi-articular muscles on a 
two-joint arm, as shown. The values of the units in z were optimized to solve analogues of the reaching 
and posture tasks. B. The relationship between each unit’s preferred torque direction in the posture task 
and the calculated preferred torque direction of its motor field (defined by synaptic connectivity) in one 
network of 1000 units. The size of the circle for each unit corresponds to its strength of tuning. Note 
that the muscles, plotted here for reference, must lie on the diagonal as they correspond with their own 
motor field. 
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Figure 2-3. Preferred torque and reaching directions. A. Polar histogram of each network units’ 
preferred torque direction (PTD) in one network. Angles are in torque space (shoulder torque x-axis, 
elbow torque y-axis). B. Polar histogram of each network units’ preferred reaching direction (PRD) in one 
network. C. Exemplar activity of pectoralis major in eight shoulder/elbow loaded conditions (unloaded 
condition not shown) during the last three seconds of in the posture task. The arrow in the centre 
denotes the muscle’s preferred torque direction (351 degrees). D. Exemplar activity of pectoralis major 
around reach onset while reaching to the eight targets (set iii in Fig. 1B). The arrow in the centre 
denotes the muscle’s PRD (140 degrees). E-F. Averages of the PTD and PRD of all muscle samples are 
shown with 95% confidence intervals as shaded areas around each line. G. Activity of an exemplar M1 
neuron in the eight shoulder/elbow loaded conditions (unloaded condition not shown) during the last 
three seconds of in the posture task. The arrow in the centre denotes the neuron’s preferred torque 
direction (155 degrees). H. Activity of an exemplar M1 neuron around reach onset while reaching to the 
eight targets (Set iii in Fig. 1B). The arrow in the centre denotes the neuron’s PRD (119 degrees). I-J. 
Polar histograms of all significant PTDs and PRDs across the population of recorded M1 neurons.  
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Figure 2-4. Relationship between PTD and PRD (directional preferences must be significant in both tasks) 
for network units, muscles, and M1 neurons. A. Scatter relationship for network units. B. Histogram of 
the difference between PTD and PRD for network units, inset shows as polar plot. C. Scatter relationship 
for muscle recordings. D. Histogram of the difference between PTD and PRD for muscle recordings. E. 
Scatter relationship for M1 neuron recordings. F. Histogram of the difference between PTD and PRD for 
M1 neuron recordings. 
 
  



56 
 

 

 
Figure 2-5. Distribution of load preferences for M1 neurons and individual muscles. The number of 
recordings for each muscle is indicated in brackets beside the muscle name. The four assigned motor 
fields are shown as vertical shaded stripes with their titles marked at the top. 
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Figure 2-6. Distribution of preferred reaching direction for each muscle group, and assigned M1 neurons 
and network units. Each distribution is normalized as a percentage of the total number of significant 
PRDs. The x-axis starts at rightward reach (0⁰) and increases counter clockwise. 
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Figure 2-7. Spatiotemporal dynamics of muscle groups and associated M1 neuron populations during 
reaching. A. Colormaps of the aggregate activity over time (x-axis) and across reach direction (y-axis) of 
each muscle group and associated population of M1 neurons. Data are smoothed in the y-axis for 
display purposes. B. Two-dimensional correlation coefficients between the spatiotemporal patterns of 
muscle and neuron groups. Each graph is one muscle group and the bars show the coefficients between 
that muscle’s spatiotemporal pattern and the pattern of the four populations of M1 neurons. C. 
Aggregate activity of all neurons and all muscles were generated by rotating the y-axis of each group so 
that their directions of maximal agonist activity were aligned with the Agonist direction, and then 
averaged. 
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Figure 2-8. Aggregate spatiotemporal colormaps of M1 neurons that have similar and opposing PRDs 
compared to their associated muscle group. A. Colormap of population activity of all neurons whose 
PRD was within 30⁰ of its assigned muscle group (typical neurons). Aggregate of neural activity was 
rotated as in Figure 2-7. B Colormap of population activity of all neurons whose PRD was greater than 
150⁰ away from that of its assigned muscle group (atypical neurons). C. Spatiotemporal pattern of 
activation for typical (black lines) and atypical (red lines) neurons when the muscle group acts as an 
agonist (solid line) and an antagonist (dashed line).  
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Chapter 3 Keep your hands apart: independent representations of ipsilateral and contralateral 

forelimbs in primary motor cortex 

3.1 Abstract: 

It is generally accepted that each cortical hemisphere is primarily anatomically linked to the 

opposite side of the body. Yet, Primary motor cortical (M1) activity has been robustly correlated with 

both contralateral and ipsilateral arm movements and it has remained unanswered as to why 

ipsilaterally-related activity does not cause contralateral motor activity. Here we apply multi-joint elbow 

and shoulder loads to the left or right arms of monkeys during a postural perturbation task. We show 

that many M1 neurons respond to mechanical disturbances applied to either the contra- or ipsilateral 

arms.  More neurons respond to loads applied to the contralateral arm with greater response 

magnitude and earlier onset times.  However, in some cases, neurons are preferentially related to loads 

applied to the ipsilateral arm related to both their magnitude and onset times. Similar effects were 

observed when the monkeys were maintaining postural control well after the load had been applied. 

Importantly, we show that the torque preference to one arm has no predictive power on a neuron’s 

preference in the opposite arm. Further, we apply techniques in neural subspace analysis to show that, 

at the population level, ipsilateral arm-related activity in M1 occupies a separate neural subspace to 

contralateral activity. These data show how activity in M1 unrelated to downstream motor targets can 

be segregated from downstream motor output.  

 

3.2 Significance Statement 

It is not clear why neural activity in M1 related to the ipsilateral limb does not lead to 

contralateral limb movements. Here we use mechanical perturbations to highlight the relationship 
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between activity associated with each limb. We show that motor activity related to the ipsilateral limb is 

specifically isolated from the patterns of activity associated with the contralateral limb, and thus, 

potentially minimizing the influence of ipsilateral activity on descending motor output to the 

contralateral limb. This ability to dissociate descending motor commands from other signals in M1 may 

explain why other high-level task-related information about the task goal or movement kinematics can 

be represented in M1 without directly affecting descending motor output. 

 

3.3 Introduction 

There are many lines of research that demonstrate that primary motor cortex (M1) is principally 

involved in controlling movements of the contralateral side of the body.  Anatomically, greater than 90% 

of corticospinal projections target the contralateral side (Brösamle and Schwab, 1997; Dum and Strick, 

1996; Lacroix et al., 2004; Rosenzweig et al., 2009). And of the 10% that project ipsilaterally, a large 

percentage bifurcate and synapse bilaterally, with few being thought to synapse purely ipsilaterally 

(Rosenzweig et al., 2009). While there are many direct projections from M1 to contralateral limb 

muscles (Bennett and Lemon, 1996, 1996; McKiernan et al., 1998; Smith and Fetz, 2009), there are no 

monosynaptic projections from M1 to ipsilateral muscles (Soteropoulos et al., 2011). Finally, stimulation 

in M1 produces only contralateral and occasionally bilateral movements (Montgomery et al., 2013). This 

supports the findings that most M1 descending projections principally target the contralateral side of 

the body. 

While anatomical and stimulation studies highlight a limited association between M1 and the 

ipsilateral side of the body, several studies do highlight substantial M1 activity during ipsilateral motor 

behaviours. Vaadia and colleagues (Donchin et al., 2002) examined macaque M1 neuronal activity in 

relation to ipsilateral and contralateral reaching movements. They found that only 34% of cells 
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responded to only contralateral movements, while 19% responded to only ipsilateral hand movements, 

and 46% responded to both. Steinberg et al. (2002) found that 34% of M1 cells responded to ipsilateral 

reaching movements, and Cisek et al. (2003) found similar results. Functional magnetic resonance 

imaging studies also found considerable M1 activity related to ipsilateral movement. Kobayashi et al. 

(2003) recorded BOLD responses while subjects completed rhythmic index finger tapping. They found 

that there was activity in the left sensorimotor cortex while tapping with the left hand. Diedrichsen et al.  

(2013) explored this further by using voxel pattern analysis to examine individual finger movements on 

either hand. They found that the cortical area associated with the ipsilateral digit overlapped with its 

representation for the corresponding contralateral digit. 

An obvious question is why does ipsilateral activity in M1 not lead to contralateral limb 

movement? Recent studies highlight a possible solution: the pattern of neural activity related to the 

ipsilateral limb may be strategically distinct from the pattern that generates movement of the 

contralateral limb. This strategy of utilizing distinct neural subspaces to avoid generating limb 

movement was demonstrated in a delayed-reaching task (Elsayed et al., 2016). PCA analysis was used to 

capture a large variance of the neural activity during motor execution. They then demonstrated that 

these movement-related PCAs could not explain the activity during the preparatory period, and vice 

versa. In other words, the preparatory pattern of activity avoided patterns of activity that would lead to 

motor output. A recent study also noted that the initial transient response to a visual shift of hand 

feedback was also distinct from the subsequent response that initiated the motor correction (Stavisky et 

al., 2017). We hypothesize a similar process may exist for M1 activity related to the ipsilateral limb.  

Here we use a postural perturbation task to explore M1 activity related to the ipsilateral and 

contralateral limbs. This task allows us to investigate both the initial neural response to the load 

disturbance and how that relates to motor output during the motor correction and to steady-state 

postural control. This allows us to quantify the relative timing and magnitude of neural activity related 
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to each limb. We predict activity related to the ipsilateral limb will be maintained in a distinct subspace 

compared to that for the contralateral limb.  

 

3.4 Methods 

Studies were approved by the Queen’s University Research Ethics Board and Animal Care 

Committee. Two non-human primates (NHP, macaca mulatta) were trained to perform a postural 

perturbation task similar to those used in previous studies (Heming et al., 2016; Herter et al., 2009; 

Omrani et al., 2014) using a KINARM exoskeleton robot (BKIN Technologies, Kingston, Canada; Scott, 

1999). In each trial, the monkey maintained its right or left hand, represented by a white cursor (0.5cm 

diameter), at a stationary virtual target (0.8cm diameter, red for right, blue for left, luminance matched). 

These targets were positioned at locations approximately in front of each shoulder, with the shoulder at 

30° forward flexion and the elbow at 90° flexion (Figure 3-1A). Only one target was shown at a time, 

thus only one arm was used in a trial. After an initial unloaded hold period of 500-1000ms, a flexion or 

extension step torque was randomly applied to the shoulder and/or elbow. After the torque was 

applied, the monkey had 1000 ms to return their hand to the target. Once inside the target, the monkey 

had to maintain its hand inside the target for 1000-1500 ms to receive a liquid reward. 

Nine torque conditions were applied to each arm, consisting of elbow flexion (EF) or extension 

(EE), shoulder flexion (SF) or extension (SE), four multi-joint torques (SF+EF, SF+EE, SE+EF, SE+EE), and 

an unloaded condition. For monkey P, loads were 0.20 Nm torques for single joint torques, and 0.16 Nm 

at each joint for multi-joint torques. As Monkey M was a larger monkey, the loads were increased to 

0.30 Nm and 0.24 Nm, respectively. All torque conditions were completed in random order, comprising 

one block. A minimum of 10 blocks were completed. In monkey M, these trials were collected in batches 

of 4-5 over 2-3 consecutive days. 
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Two neural recording methods were used. On the left hemispheres of both monkeys, 96-

channel Utah Arrays (Blackrock Microsystems) with 1.5mm length electrodes were implanted on the 

cortical surface in the arm area of M1. Array recordings were taken from monkey P in two sessions, and 

in monkey M in three sessions. Though recordings were done at least a month apart, units in 

subsequent sessions were analyzed for their similarity to previously recorded units, and if similar, 

discarded in one set.  In monkey P, a chamber was mounted above the right M1 arm area and cells were 

recorded via single electrode over multiple recording sessions using standard techniques (Herter et al., 

2009; Pruszynski et al., 2011). 

Electromyographic (EMG) recordings were taken from the right pectoralis major, posterior 

deltoid, lateral triceps, and brachioradialis of monkey P. These muscles were recorded from both arms 

of monkey M, as well as right and left triceps long, and the right biceps. In total, 32 recordings were 

made, 4 in monkey P, and 28 in monkey M. A minimum of 5 trials were collected per recording. 

Joint angles, velocities, and accelerations for both arms, as well as EMG signals were recorded at 

1 kHz, and spike waveforms were recorded at 30kHz using a Blackrock Neural Signal Processor. All offline 

analysis was performed using custom MATLAB scripts (The MathWorks, Inc., Natick, Massachusetts, 

United States). 

Spike trains were convolved with an asymmetric spike density filter (Thompson et al., 1996) to 

obtain instantaneous firing rate estimates. Preferred torque direction (PTD) was found by accumulating 

cell firing rate over either the perturbation (25-100ms post perturbation) or the postural (last 1000ms of 

hold) epochs and examining the difference in firing rates across load conditions (load response). The 

load response was quantified by applying a plane fit to the neural activity using the applied load as the 

X/Y variable (X for shoulder torque and Y for elbow torque, flexor positive). Cells were significantly tuned 

if the significance of the fit was less than or equal to 0.05. Rayleigh tests were applied to circular 

distributions of PTDs to look for unimodality or bimodality (Batschelet, 1981; Kurtzer et al., 2006). 
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Principal component analysis (see Elsayed et al., 2016) was used to examine the neural 

subspaces present in our data. Principal components (PCs) describe the neural responses for a given set 

of load responses, like the contralateral torque conditions. To examine how well a given PC explains a 

data set, the coefficients for that PC set were used to translate the data into PC space. Then, the given 

PC was transformed back to neural space and compared to the original data using a least-squares 

comparison. For analysis looking at load-related responses, cell data was averaged across repeats and 

across time during each epoch to produce a single value per trial condition. For analysis of temporal 

dynamics, the directionless magnitude of the load response (the magnitude of the slope of the plane fit) 

at each millisecond was used to remove directional preference, allowing better comparison of the 

temporal dynamics. This is akin to previous studies that only examined temporal responses of cells in 

their preferred direction (Omrani et al., 2016). 

To test whether subspaces were overlapping or orthogonal, an alignment index (Elsayed et al., 

2016) was calculated between two subspaces. This was compared to a bootstrapped distribution of 

alignment indexes constructed by randomly reordering the data from which the two subspaces were 

drawn with respect to each other. 

 

3.5 Results 

We recorded from 297 neurons in M1 while the NHP countered unexpected torques applied to 

the shoulder and/or elbow (37 from right M1, 156 from left M1 of Monkey P; 104 from left M1 of 

Monkey M). We analyzed each cell individually for their response to ipsilateral and contralateral torque 

in both the perturbation and postural epochs. Figure 3-1C shows the average firing rates of an example 

cell across the eight load conditions in the perturbation epoch (25-100ms after perturbation onset). This 

cell modulated its firing to loads on both ipsilateral and contralateral arms with different preferred 
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torques. Its highest response for contralateral torque, denoted by the vertical blue line, was a 

combination of elbow extension and shoulder flexion. Whereas its highest response during ipsilateral 

torque (vertical red line) was for elbow flexion and shoulder extension. The directional torque 

preferences of the neuron were similar in the postural epoch (last 1000 ms of the trial, Figure 3-1D). 

Across all neurons, we found 101 neurons responded to both contralateral and ipsilateral perturbations 

(Figure 3-1E), 89 only responded contralaterally and 33 only responded ipsilaterally (plane fit, p< 0.05). 

During the postural epoch, 114 responded to postural torques on either arm, 99 responded only to 

contralateral torques, 28 only to ipsilateral torques. 

We analyzed the magnitudes of load responses for ipsilateral and contralateral motor tasks 

(Figure 3-2) using the directionless magnitude of the plane fit slope. Contralateral perturbation 

responses averaged 9.2 sp/s ± 6.1 sp/s, whereas ipsilateral responses averaged 5.7 sp/s ± 3.9 sp/s. 

However, 28 of the 101 cells that responded bilaterally had a larger ipsilateral than contralateral 

response (Figure 3-2A, above the diagonal). Posture epoch responses were generally smaller in 

magnitude, with contralateral load responses averaging 5.4 sp/s ± 3.7 sp/s) and ipsilateral responses 

averaging 2.3 sp/s ± 2.6 sp/s. Twenty-five of the 114 bilaterally cells had a larger ipsilateral posture 

response than contralateral (Figure 3-2B). 

To see whether the ipsilateral responses were due to body conduction of the physical 

perturbation, we examined the kinematic of each hand during the first 100 ms after the perturbation on 

either arm. We regressed the integrated hand velocity of the unperturbed arm on the torque applied to 

the perturbed arm. When torque was applied to the contralateral arm, no significant fit was found for 

ipsilateral limb motion (Monkey P: F2,8 = 0.7, p = 0.6; Monkey M: F2,8 = 0.06, p = 0.9). A significant fit was 

found for contralateral limb motion when torque was applied to the ipsilateral arm in one of the two 

monkeys (Monkey P: F2,5 = 11.9, p = 0.01; Monkey M: F2,8 = 0.5, p = 0.7). Examining Monkey P’s 
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significant fit revealed only the shoulder coefficient was significant for the x hand velocity (t7 = 4.3, p = 

0.008).  

We also looked at the magnitude of movements to examine whether the magnitudes of 

ipsilateral activity were explained by any movement. During contralateral perturbation, integrated hand 

speed was more than 900% larger for the contralateral arm than the ipsilateral arm (paired t-test: 

Monkey P df7 = 5.8, p < 0.001, Monkey M df7 = 6.4 p < 0.001). During ipsilateral torque, integrated hand 

speed was more than 2000% larger for the ipsilateral arm than the contralateral arm (Monkey P df7 = 

8.5, P < 0.001, Monkey M df7 = 7.5 P < 0.001). Thus, it is unlikely that the activity observed during 

ipsilateral disturbances can be explained by the small motion observed in the contralateral limb.  

We examined the onset time of the load response following the perturbation. Onset of a load 

response was measured two ways: first, by the first instance of a significant plane fit for more than 10 

consecutive milliseconds incrementing in millisecond intervals (Figure 3-3A), and second, by the first 

time point where any one torque condition deviated from the pre-perturbation activity by more than 3 

standard deviations (data not shown). These onset times generally agreed with each other with a 

median difference of 3ms. In general, ipsilateral responses were later than contralateral responses, as 

seen in Figure 3-3A, 69% of neurons are above the dotted diagonal. There was no clear correlation 

between the onset time for a cell to ipsilateral torque vs contralateral torque. A population signal was 

built by averaging the load response magnitudes in the direction of the overall PTD and averaging across 

cells (Figure 3-3B). The earliest contralateral signal (exceeding 3 SD from pre-perturbation activity) was 

seen at 36 ms, whereas ipsilateral was at 42 ms.  

As shown previously (Herter et al. 2007; 2009), the PTDs of neurons associated with the 

contralateral limb were bi-modally distributed (Figure 3-4A, P = 0.004, Figure 3-4B, P < 0.001, Rayleigh 

test) with more neurons associated with whole-limb flexion (elbow flexion and shoulder extension) or 

whole-limb extension (elbow extension and shoulder flexion). We subtracted the PTDs of neurons with 
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significant tuning in both posture and perturbation epochs and found most neurons had similar tuning 

directions (Figure 3-4G, P < 0.001, Rayleigh test). Interestingly, the PTDs of neurons associated with the 

ipsilateral limb were also bimodal and oriented in the same quadrants as for the contralateral limb 

(Figure 3-4D and 3-4E, P < 0.001, Rayleigh test). They also tended to maintain the same PTD across 

epochs (Figure 3-4F, P < 0.001, Rayleigh test). 

Critically, there was no observable relationship between the directional load tuning associated 

with each limb (Figure 3-4C and 3-4F).  The difference in the PTDs for the ipsi- and contralateral limb 

were uniformly distributed for either the postural or perturbation epochs (P = 0.09, P = 0.97 

respectively, Rayleigh test). Thus, a neuron with a PTD aligned with elbow flexion torque for the 

contralateral limb was equally likely to be associated with all possible PTDs for the ipsilateral limb. 

Additionally, we examined whether the neural subspace that described the population activity 

during the contralateral torque conditions could describe the activity during the ipsilateral torque. First, 

we captured the primary torque response profiles using principal component analysis (PCA). As can be 

seen in Figure 3-5A, the first two PCs that describe the torque response to contralateral perturbations 

resemble orthogonal cosine functions due to the nature of cells to be roughly cosine tuned. These two 

components account for most of the neural variance to contralateral torque during the perturbation 

epoch (Figure 5E, dark blue bars). The PCs that describe torque preference were qualitatively very 

similar across contralateral and ipsilateral torque in both the perturbation and posture epochs (Figure 3-

5A-D).  

 Each set of PCs were used to predict the variance of the neural data. Despite the similarities in 

the PCs themselves, the ability to account for variance between ipsilateral and contralateral torque was 

low (Figure 5E-H). As can be seen in Figure 3-5E, the first two contralateral perturbation PCs explain 74% 

of the variance in the contralateral perturbation data (dark blue bars). However, even all 7 PCs only 

account for 8% of the ipsilateral perturbation variance (red bars). The ability for the contralateral 
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perturbation PCs to account for contralateral postural data was between the two, with a maximum of 

22% of the variance explained. Correspondingly, PCs generated for the ipsilateral limb during the 

perturbation epoch or for either limb during the postural epoch explained minimal variance in the other 

limb or other epoch (Figure 3-5E-H). This implies that the subspaces of neural activity used for each of 

these data sets are largely orthogonal. To test the orthogonality of each subspace, we calculated an 

alignment index for each pair using the first 4 PCs (Figure 3-5I-L). We also recalculated the alignment 

index, bootstrapping over randomly re-paired combinations of data (Figure 3-5I-L, grey histogram) 

Contralateral and ipsilateral subspaces (Figure 3-5I-J) were between 7.4 and 9.0 standard deviations 

from the mean bootstrapped distribution. Perturbation and postural subspaces were between 3.1 and 

4.7 standard deviations from the mean (Figure 3-5K-L). 

While we found that the directional preferences and subspaces of cells were independent 

between ipsilateral and contralateral torque, we were interested in knowing whether the temporal 

profiles of the torque response would be similar between contralateral and ipsilateral torques. Similar to 

experiments where the responses of cells were only taken in their preferred direction (Omrani et al., 

2016), we used the magnitude of the load response for each cell as a direction-independent indicator of 

response profile. We examined the principal components of the temporal response across cells. As can 

be seen in Figure 3-6A and 3-6C, the shape of the primary PCs are very similar between contralateral 

and ipsilateral responses. The first PC for the contralateral limb explains most of its own variance, but 

less than 20% of the variance for the ipsilateral limb, and vice versa (Fig 3-6B and 3-6D). Higher order 

PCs from 2 to 10 for a given limb explained less than 10% further variance in the other limb. This 

indicates that cells have independent temporal responses for ipsilateral and contralateral torque. Again, 

to quantify the independence, alignment indexes were calculated between the ipsilateral and 

contralateral subspaces. The alignment indexes fell 4.8 and 5.1 standard deviations from the mean of 

the bootstrapped distribution (Figure 3-6E).  
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3.6 Discussion 

There has been a number of studies that examine neural responses to the ipsilateral and 

contralateral limbs during goal-directed reaching (Cardoso de Oliveira et al., 2001; Cisek et al., 2003; 

Donchin et al., 2002, 2001, 1998; Gribova et al., 2002; Steinberg et al., 2002). Here we examine this issue 

using a postural perturbation task to explore load-related activity related to the ipsilateral and 

contralateral limbs. This task allows us to explore load-related responses in two distinct time epochs; 

immediately after the load is applied to observe activity during the corrective response, and a second 

epoch related to steady state postural control. Our results highlight that load-related activity in both the 

contralateral and ipsilateral forelimbs are robustly represented in M1. We also demonstrate that each 

neuron’s preferred torque direction, onset timing, and magnitude of response are unrelated between 

ipsilateral and contralateral behavior. Furthermore, we demonstrate that the ipsilateral and 

contralateral activities exist in separate subspaces. 

It is rather surprising to observe that a substantive amount of neural activity in M1 is associated 

with the ipsilateral limb. On average, load-related activity for the ipsilateral limb was about 50% of that 

observed for the contralateral limb. Roughly half of neurons responded to loads applied to either limb, 

and about 10% of neurons responded only to loads applied to the ipsilateral limb. The earliest ipsilateral 

responses occurred at 42 ms, about 10ms after the earliest contralateral responses, suggesting a short, 

monosynaptic route is the source of ipsilateral information, at least for the fastest ipsilateral responses. 

This 10ms delay between contralateral and ipsilateral limb matches the additional delay in task-

dependent feedback responses between the two limbs during bimanual tasks as compared to unimanual 

tasks (Dimitriou et al., 2012; Marsden et al., 1981; Omrani et al., 2013). 
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As in our previous studies (Herter et al., 2009), we found the preferred load directions of M1 

neurons were not uniformly distributed for the contralateral limb with a higher proportion of neurons 

maximally active for combined elbow flexors and shoulder extensors (whole-limb flexors) and combined 

elbow extensors and shoulder flexors (whole-limb extensors).  Previous work also highlights how this 

pattern of activity parallels the distribution of preferred load directions of proximal limb muscles 

(Kurtzer et al., 2006). Neural network models that are trained to control a two-joint limb display a 

similar bimodal pattern of activity across the network, but only when bi-articular muscles representing 

the biceps and triceps are included in the limb model (Lillicrap and Scott, 2013). Notably, the bias in the 

distribution is opposite to the anatomical action of the bi-articular muscles (combined flexion for biceps 

and combined extension for triceps). 

It is interesting to note that M1 activity related to the ipsilateral limb has a similar bias in the 

directional preference of neurons, towards whole-limb flexors and whole-limb extensors. Thus, load-

related activity related to the ipsilateral limb is not simply an abstract representation of loads. Rather 

ipsilateral activity reflects the mechanical and anatomical properties of the limb musculature even 

though the descending projection from this hemisphere predominantly target the contralateral 

musculature.  

Although there is a substantial amount of activity related to the ipsilateral limb in M1, the 

present results also highlight why this activity does not appear to influence motor output of the 

contralateral limb. Previous work has highlighted that there is no correlation between the directional 

preference of neurons in M1 related to the contralateral and ipsilateral limbs (Cisek et al., 2003; Donchin 

et al., 2002; Rokni et al., 2003). Here was show a similar effect in that there was no correlation between 

an M1 neuron’s contralateral and ipsilateral load preference during either the perturbation or postural 

epochs.  That is, if a neuron’s preferred load was pure shoulder flexor torque for the ipsilateral limb, 

then its directional preference for contralateral loads could be any combination of loads at the shoulder 
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and/or elbow. This independence would ensure that M1 activity when the monkey is countering a 

shoulder flexor torque with the ipsilateral limb leads to a uniform pattern of activity in the neural 

representation associated with the contralateral limb musculature, potentially mitigating any 

downstream motor output to the contralateral limb.  

Note that load preferences in M1 remain relatively fixed across behavioural contexts for the 

contralateral limb (Kurtzer et al. 2005).  We have shown previously that the load preference during a 

postural task was correlated to its load preference during reaching (i.e. preferred load direction was 

shoulder flexor for both contexts).  This constancy in the load preference was maintained even though 

the magnitude of the load response could change across contexts. We show here a similar constancy in 

load preference across perturbation and postural epochs for both limbs (Herter et al. 2009).  

The fact that neurons can represent shoulder torque for the contralateral limb and elbow 

torque for the ipsilateral limb appears to be at odds with a recent imaging study which used fMRI 

imaging to examine areas of motor cortex during a finger pressing task (Diedrichsen et al., 2013). They 

found that voxels in M1 preferred similar finger representations in both hands. It may be that the 

organization of M1 related to the proximal and distal limbs are distinct.  However, it may be that the 

voxel-based analysis which aggregates activity associated with a large number of neurons is not able to 

observe this level of cortical organization.  

While the load preferences in M1 for each limb appear to be random, the PCA analysis actually 

suggests neural activity related to the two limbs are strategically isolated from each other. Previous 

work has investigated the idea of sequestering neural activity on a population level. Kaufman et al. 

(2014) highlighted how preparatory activity existed in a ‘null space’ and transitioned to a ‘potent space’ 

upon movement initiation. Since then, the analysis has been expanded to show that the activity is, in 

fact, sequestered in a separate neural subspace which is orthogonal to the subspace used during 

movement (Elsayed et al., 2016).  Our results highlight a similar effect with the subspace of activity 
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related to the ipsilateral limb being orthogonal to the subspace of activity that is related to contralateral 

activity.  

The fact that neural activity can be maintained in a subspace that does not influence descending 

output at the spinal level has implications for a long-standing debate regarding how M1 is involved in 

descending control. Many recording studies have found activity in M1 correlates with muscle activity 

(Bennett and Lemon, 1996; Cherian et al., 2013; Evarts, 1968; Heming et al., 2016; Humphrey, 1972; 

Kakei et al., 1999; Murphy et al., 1985; Oby et al., 2013; Scott, 1997; Sergio and Kalaska, 2003). These 

studies suggest that M1 reflected low-level features of motor output such as the spatio-temporal 

features of muscle activity. However other studies have correlated M1 activity with whole limb 

movements (Georgopoulos et al., 1982) and trajectories (Schwartz, 1993, 1992) as well as other high 

level parameters of motion such as target direction and speed (Johnson et al., 1999). Even when high 

and low-level features of motor action are dissociated, some activity still appears to be related to high 

level features of the movement (Thach, 1978; Kakei et al., 1999; Sergio and kalaska paper). Our data 

suggests that both sets of information could be present in M1 simultaneously but only a subset of that 

information, that related to motor commands to muscles influences spinal processing. By retaining 

different types or sources of information in different subspaces, neural activity can both control motor 

output and process other types of information, simultaneously. 

The findings on informational subspaces may have broad implications across neuronal 

involvement in motor control. The studies which attempted to support low or high-level control depend 

on the assumption that correlating neural activity indicates some causal relationship about descending 

control. However, this study demonstrates that there exists activity in cortex does not lead to motor 

activity. Moreover, we demonstrate that there is the necessary arrangement of neural preferences to 

create subspaces that prevent motor output. This suggests cortical activity can maintain very complex 

information, but relay only certain information to the spinal cord or other brain regions.  
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3.7 Figures 

 
Figure 3-1. Postural Perturbation Task. A, Basic experimental setup where loads are applied to either the 
limb during a postural task.  Arrows denote possible torque directions applied to the shoulder and/or 
elbow of each arm. B, Example hand paths for the first 100ms (black) and first 1000ms (grey) for 
contralateral or ipsilateral torques. C, D, Example cell response to torque combinations for each arm 
during the perturbation (25-100ms post-perturbation) epoch. D, same for posture (last 1000ms) epoch. 
Vertical lines denote preferred torque direction in each epoch. E, Venn diagrams representing the 
number of cells which significantly responded (plane fit, P <= 0.05) to only contralateral torque (blue), 
only ipsilateral torque (red) or both (pink) during the perturbation epoch (left) or the posture epoch 
(right). 
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Figure 3-2. Magnitude of task-related responses. A, Scatter plot of peak load responses defined by plane 
fit for contralateral versus ipsilateral tasks for those neurons which responded to both contexts. 
Diagonal dotted line indicates equal magnitude. Top and right side of panel display histograms of 
contralateral (blue) and ipsilateral (red) responses and includes neurons responding in only one of the 
two contexts. B, Similar analysis for the perturbation epoch. 
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Figure 3-3. Onset time of load responses. A, Scatter plot of earliest onset time for load response for 
contralateral and ipsilateral arm, as determined by moving plane fit for each neuron. Contralateral vs 
ipsilateral onset times are plotted against each other for cells which had responses in both, noted as 
purple circles. Diagonal dotted line added to indicate equal response onset. Top and side of panel 
displays histograms for contralateral (blue) and ipsilateral (red) responses, respectively. B, Population 
signal response to load onset as an average of the load response across cells. 
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Figure 3-4. Circular histograms of preferred torque directions (PTDs) for neurons for contralateral limb 
during the perturbation (A) and posture (B) epochs.  Each circle denotes a single neuron with the 
positive x-axis denoting a PTD oriented to shoulder flexor torque and positive y-axis denoting a PTD 
oriented to elbow flexor torque. Cells from monkey P in color and for monkey M in black. Orientation of 
significant bimodal distributions (Rayleigh test, P < 0.05) denoted with grey lines across the distribution. 
C, Distribution for the difference in the PTDs for each neuron between perturbation and posture epochs. 
Positive x-axis denotes no difference in PTD between epochs. Clockwise denotes PTD for perturbation 
epoch was rotated clockwise relative to posture epoch. Direction of a significant unimodal distribution 
(Rayleigh test, P < 0.05) is denoted by a grey line extending from the center of a distribution. (D-F) Same 
as a-c except for ipsilateral limb. G-H, Difference between contralateral PTD and ipsilateral PTD for the 
perturbation (G) and posture (H) epochs. These distributions were not found to be different from a 
random distribution (Rayleigh test, P > 0.05).   
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Figure 3-5. Principal components of 
neuronal activity across torque 
conditions. A, The first three principal 
components (PCs) across the 8 task 
contralateral loads for the 
perturbation epoch. B-D, Similar for 
contralateral posture epoch (B), 
ipsilateral perturbation epoch (C), and 
ipsilateral posture epoch (D). E. 
Variance accounted for by each 
contralateral PC of contralateral 
perturbation (dark blue), ipsilateral 
perturbation (red), contralateral 
posture (light blue), and ipsilateral 
posture (yellow). F-H, Similar, using 
PCs from contralateral posture epoch 
(F), ipsilateral perturbation epoch (G), 
and ipsilateral posture epoch (H). I, 
Alignment index between the 
subspace of the first 4 PCs that 
describe the contralateral 
perturbation response and ipsilateral 
perturbation response (blue line) and 
converse (red line) in relation to a 
bootstrapped alignment distribution 
(grey bars). J, Similar for postural 
epoch (light blue for contra to ipsi, 
yellow for ipsi to contra). K, Alignment 
index between the subspace of the 
first 4 PCs that describe the 
contralateral perturbation response 
and the contralateral postural 
response (dark blue) and converse 
(light blue). L, Similar for ipsilateral 
PCs (red for perturbation to posture, 
yellow for posture to perturbation). 
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Figure 3-6. Principal components of the temporal characteristics of load response. A, The first three 
principal components of the magnitudes of load responses to contralateral loads. B, Variance explained 
in contralateral (blue) and ipsilateral (orange) data. B, C, similar for ipsilateral PCs. E, Alignment index 
between the subspace of the first 4 PCs that describe the temporal characteristics of the load response  
between contralateral and ipsilateral (blue line) and converse (red line) in relation to a bootstrapped 
alignment distribution (grey bars). 
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Chapter 4 Selective change of dynamic range in primary motor cortex related to ipsilateral and 

contralateral motor function  

4.1 Abstract 

Previous studies highlight sensory and motor neural representations are altered by changes in 

behavioural context to maintain neural responses within a fixed operating range (dynamic range). For 

example, load-related activity in primary motor cortex (M1) is reduced if the range of loads experienced 

by the animal is increased. Here we examine how load representations for the contra- and ipsilateral 

arms interact during bilateral motor actions. Monkeys were trained to perform a postural perturbation 

task in which they maintained the hand at a central target and countered loads applied to the shoulder 

and/or elbow. This task was performed with the contralateral, ipsilateral or both limbs simultaneously. 

Many M1 neurons were broadly tuned to loads applied to either limb.  Load-related activity during 

bilateral motor actions were well-represented by linear combinations of the responses seen during 

unilateral tasks. However, the gain of the response diminished in magnitude, and more so, for the 

ipsilateral limb (perturbation epoch: 0.68 ± 0.19 for contra and 0.35 ± 0.20 for ipsi; postural epoch: 0.53 

± 0.33 for contra and and 0.38 ± 0.40 for ipsi). Neurons that principally responded only to loads applied 

to one limb similarly reduced their response during bilateral motor actions. These results suggest 

dynamic range is set for the entire network based on behavioural context. The fact that M1 controls 

contralateral limb movements likely explains why the dynamic range was reduced more for the 

ipsilateral limb, and highlights how the dynamic range can be selectively altered for distinct 

representations. 
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4.2 Significance Statement 

Primary motor cortex is principally involved in controlling contralateral body movements, and 

yet neural activity can be observed during motor actions of either arm. The present study demonstrates 

that contra and ipsilateral related activity is compressed during bilateral motor actions, consistent with 

previous studies highlighting dynamic range adaptation across behavioral contexts. Importantly, we 

show that neural representations for each limb can be selectively altered with less compression for load-

related for the contralateral limb, likely reflecting the dominant role of cortex in controlling the 

contralateral limb. 

 

4.3 Introduction 

Sensory and motor systems need to reliably encode information that span an enormous range 

of magnitudes and properties. For example, visual discrimination can operate over 10 orders of 

magnitude from a dimly lit cave to bright sunshine on a ski slope (Radonjić et al., 2011). Performance 

under such a broad range of conditions is particularly impressive given that the firing rate of neurons 

involved in these processes have maximal discharge rates of a couple of hundred spikes per second or 

less.  

An important mechanism to support this large dynamic range is the ability of neural systems to 

modify the gain of neural signals, increasing them when the range is small and decreasing them when 

the range is large. This effect has been most clearly illustrated in the visual system across a broad range 

of species (Harris et al., 2000; Radonjić et al., 2011; Shapley and Enroth-Cugell, 1984). However, it can be 

seen in other modalities such as auditory (Kvale and Schreiner, 2004; Rabinowitz et al., 2011) and 

somatosensory (Katz et al., 2006; Maravall et al., 2007) systems as well. Dynamic range adjustment of 

neural activity is also observed when different sensory modalities are integrated together for 
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perception. For example, when both visual and vestibular stimuli are used to identify heading direction, 

the responses in second-order neurons in the vestibular system are sub-additive as compared to the 

response when each modality is used on their own (See Angelaki and Cullen 2008 for review). This 

adjustment maximizes the available range of neural firing based on the present conditions, improving 

information content to support perceptual goals.  

The motor system must also operate over many orders of magnitude, ranging from rapidly 

lifting a heavy weight over one’s head to generating tiny movements to perform microvascular surgery 

with a microscope. Correspondingly, regions such as primary motor cortex have been shown to alter the 

dynamic range of neural activity based on the range of expected output forces for a given behavioural 

task (Hepp-Reymond et al., 1999). For example, monkeys were trained to alter grip force, and on 

different trials, were exposed to several loads that spanned different ranges of force. Before each trial, 

the monkey was pre-cued on the impending trial type. They found that for the same level of force, the 

firing rate of motor cortical neurons was higher when the range of forces was smaller. That is, even 

though muscle force was similar for a given load, a larger dynamic range was used when the range of 

forces in a trial was smaller. Similar changes were observed when neurons were used to control a cursor 

in a virtual environment (Rasmussen et al., 2017). 

These results highlight how the dynamic range of M1 neurons is influenced by how the 

contralateral limb is used at a given time period. Here we ask how this relationship is influenced by 

other factors unrelated to the ongoing control of the contralateral limb. Even though M1 is 

predominantly involved in controlling contralateral body movements, neural activity in M1 is also 

observed during ipsilateral limb movements (Cisek et al., 2003; Diedrichsen et al., 2013; Donchin et al., 

2002, 1998; Kobayashi et al., 2003; Steinberg et al., 2002). This ipsi-related activity is broadly tuned to 

motor actions and, in some cases, can be as large as observed for the contralateral limb (Heming et al., 

2019). The question is how does simultaneous use of both limbs influence the dynamic range associated 
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with each limb? If the behavioural requirements of the contralateral limb are maintained constant, does 

the corresponding dynamic range of M1 neurons change when the ipsilateral limb is also involved in a 

motor action? We address this issue by training monkeys to perform a postural perturbation task with 

randomly applied loads to the shoulder and elbow. We compare the activity of M1 neurons as this task 

is performed unilaterally with the contra- or ipsilateral limbs, and for both bilateral motor actions. We 

found reductions in load-related representations during bilateral actions with greater reductions 

observed for the ipsilateral limb. 

 

4.4 Methods 

Studies were approved by the Queen’s University Research Ethics Board and Animal Care 

Committee. Two macaque monkeys (Macaca mulatta, labeled A and B) were trained to perform a 

perturbation-posture task like those used in previous studies (Heming et al., 2016; Herter et al., 2009; 

Omrani et al., 2014) using a KINARM exoskeleton robot (BKIN Technologies, Kingston, Canada; Scott, 

1999). 

The experiment consisted of four tasks applying unimanual and bimanual step loads to the arms. 

In the unimanual tasks (Figure 4-1A, 4-1B), the monkey held a cursor representing their right or left hand 

at a stationary virtual target. After 1-1.5 s at the target, a step torque was applied to the elbow and/or 

shoulder of that arm. The monkey returned the cursor to the target within 1 s and maintained it within 

the target for 1-1.5 s to receive a reward. Eight torque combinations were applied to each arm (Figure 4-

1E, red and blue sets), consisting of elbow flexion (EF) or extension (EE), shoulder flexion (SF) or 

extension (SE), four multi-joint torques (SF+EF, SF+EE, SE+EF, SE+EE), and an unloaded condition (see 

Heming et al. 2018 for details). This was done for the arm contralateral to the recorded neurons (Contra 

task) and for the arm ipsilateral to the recorded neurons (Ipsi task) individually.  
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Two different bimanual tasks were performed. In both of these tasks, both cursors representing 

the right and left hand where lit, and the monkey had to stabilize both hands in their respective targets 

(Figure 4-1C, 4-1D). Combinations of loads were applied to both arms simultaneously. The monkey had 

to return both hands to their respective targets in 1 s and stabilize them there for 1-1.5s to receive 

reward. Due to the high number of possible torque combinations, bimanual torques were only 

presented in ‘mirror’ (e.g. elbow extension on both arms, Figure 4-1E orange squares, Mirror task), or 

‘opposite’ (e.g. elbow extension on one arm, and elbow flexion on the other, Figure 4-1E green squares, 

Opposite task) patterns. Note that these were in a torque reference frame, so the ‘opposite’ of shoulder 

extension was shoulder flexion on the opposite arm, even if this produced hand motions that were not 

spatially ‘opposite’. And all trials from the unimanual and bimanual torques were randomly interleaved 

with each other in blocks, and blocks were repeated a minimum of 10 times. 

Neural recordings were made using 96-channel Utah Arrays (Blackrock Microsystems, Salt Lake 

City, Utah, United States) with 1.5mm length electrodes. They were implanted on the cortical surface in 

the arm area of left M1 in both monkeys. Array recordings were taken from monkey A in two sessions, 

and in monkey B in three sessions. Though recordings were done at least a month apart, units in 

subsequent sessions were analyzed for their similarity to previously recorded units, and if similar, 

discarded in one set as to retain only distinct neurons. 

Joint angles, velocities, and accelerations for both arms, as well as EMG signals were recorded at 

1 kHz, and spikes waveforms were recorded at 30kHz using a Blackrock Neural Signal Processor 

(Blackrock Microsystems, Utah, US). All offline analysis was performed using custom MATLAB scripts 

(The MathWorks, Inc., Natick, Massachusetts, United States). Spike trains were convolved with an 

asymmetric spike density filter (Thompson et al., 1996) to obtain instantaneous firing rate estimates. 
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We calculated a similarity index (𝑆𝑆𝑆𝑆) of the bimanual firing rate to examine the similarity of 

overall firing rate during the bimanual tasks (Mirror and Opposite) to the overall firing rates during the 

unimanual tasks (Contra and Ipsi) using the following equation for 𝑆𝑆𝑆𝑆: 

𝑆𝑆𝑆𝑆 =
1
2 (𝑀𝑀 + 𝑂𝑂) − 𝐶𝐶

𝑆𝑆 − 𝐶𝐶
 

Where C is the firing rate during the Contra task averaged across trials and load conditions. I, M, 

and O are the same arrays for the Ipsi, Mirror, and Opposite tasks, respectively. An SI of 0 indicates 

activity similar to the Contra task and an index of 1 indicates activity similar to the Ipsi task. 

Load sensitivity was quantified by calculating the average cell firing rate for each of eight loaded 

conditions and the one unloaded condition of a particular task over an epoch of time. Planes were fit to 

this data, using the average firing rate as the Z value, the applied shoulder torque as the X variable, and 

the applied shoulder torque as the Y variable (flexion torque was positive on both axes). A cell was 

considered significantly tuned during a task (Contra, Ipsi, Mirror, or Opposite) if the p-value of the plane 

fit across the load conditions was less than 0.05. This analysis was applied across two major epochs:  the 

perturbation (25-200ms post perturbation) and the postural (last 1000ms of hold) epochs. 

Subspace analysis was conducted similar to our previous study (Heming et al., 2019) and others 

(Elsayed et al., 2016). For each cell, the average firing rate was calculated for a given time epoch and 

load condition (averaging across time and trials). The unloaded condition was not included, so for each 

time epoch this resulted in 8 data points per cell per task. Principal components (PCs) were calculated 

that captured the most variance in the patterns of activity for the population of cells across the 8 

conditions in each task. Additionally, PCs were calculated that best described the pattern of activity 

across both the Ipsi and Contra tasks together (16 data points), and the Mirror and Opposite tasks 

together (16 data points). Each PC set was evaluated for its ability to explain variance in each of the four 

tasks. For each PC set, the projections of a given task into those PCs was then projected back into the 
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original activity space using a subset of the PCs starting at one PC and moving upwards. This PC-

prediction of the data was compared to the original using a least-squares comparison to obtain the 

variance accounted for. 

We used a general linear model (GLM) to examine whether the activity of M1 neurons during 

the unimanual tasks predicted the neural activity during bimanual tasks under similar behavioural 

circumstances. We applied the model 

α �𝐶𝐶𝐶𝐶� + β � 𝑆𝑆𝑆𝑆𝑟𝑟� + γ � 𝐶𝐶𝑆𝑆𝐶𝐶𝑆𝑆𝑟𝑟� + δE =  �𝑀𝑀𝑂𝑂� 

where C is the array that describes the firing rate of one cell in each load condition and at 

different time points in the Contra task. I, M, and O are the same arrays for the Ipsi, Mirror, and 

Opposite tasks respectively. CI reflects pairwise multiplication of the Contra and Ipsi activity.  Note that 

𝑆𝑆𝑟𝑟  represents the rotated Ipsi dynamics to match the pattern of loads in Opposite. For the post-

perturbation epoch analysis, time periods were divided into 25 ms intervals to reduce dependencies 

between each time sample. For the postural epoch, the entire 500 ms interval was averaged, as this was 

a static hold period and any variation would not have been due to task dynamics. 

 

4.5 Results 

Figure 4-2A displays the average hand paths for the ipsilateral hand (left hand, left M1 

recordings) of Monkey A for each of the perturbation conditions.  Ipsi (red) and Mirror (orange) and 

Opposite (green) elicited similar spatial trajectories for the first 200ms (colored circle) whereas 

perturbations to the contralateral hand elicited little motion (blue).  Note we overlaid the Opposite 

bimanual perturbations with its corresponding Ipsi-equivalent torque combination (ie. SE and EF).  

Similarly, for the contralateral hand (right hand, left M1 recordings), Contra, Mirror and Opposite 
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perturbations elicited similar spatial trajectories for 200ms whereas Ipsi elicited minimal motion of the 

contralateral limb (Figure 4-2B). 

 Temporal hand speed profiles for the ipsilateral hand showed the ipsilateral only and bimanual 

perturbations were similar (Figure 4-2C).  Consistent across both monkeys, we observed the 

contralateral only perturbations were significantly smaller than ipsilateral only and either bimanual 

perturbations in the first 200ms for integrated hand speed and peak hand speed or the hand speed at 

200ms (Figure 4-2E, G).  We also observed no significant differences between ipsilateral only and either 

bimanual perturbation in the first 200ms for integrated hand speed or peak hand speed (Figure 4-2E, G).  

We did observe a significant increase in speed 200ms after the perturbation between bimanual 

perturbations for Monkey B that was not present for Monkey A.  Similar results were observed for the 

contralateral hand (Figure 4-2D, F, H). 

We recorded 260 neurons in primary motor cortex during the unimanual and bimanual postural 

perturbation tasks (156 in monkey A, and 104 in monkey B). Figure 4-3 highlights three individual 

neurons across the four tasks. The cell shown in Figure 4-3A had a robust perturbation response during 

the Contra task with the largest response for shoulder extension loads (load 5).  During the Ipsi task, 

there was an increase in the baseline activity while maintaining the hand at the goal prior to the 

perturbations, but no discernable perturbation-related activity. The baseline activity for the Mirror and 

Opposite tasks were similar to that observed for the Ipsi task, but the perturbation response was similar 

to that observed for the Contra task.  

The cell displayed in Figure 4-3B has no discernable response to loads during the Contra task but 

is responsive to Ipsilateral perturbations with the largest increase for shoulder flexor loads (load 1). The 

perturbation response for the Mirror task had the same load preference as the Ipsi task, although the 

magnitude of the response was smaller. The Opposite task seemed to show a reciprocal pattern of 

activity, with a maximum during load 4 and 5. However, for the Opposite task, load 5 was a combination 
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that included ipsilateral shoulder flexion, the same as Ipsi load 1. As such, the response during the 

Opposite task is consistent with the others but appears rotated. 

Figure 4-3C displays an example of neuron that responded to perturbations applied during both 

Ipsi and Contra tasks and, in this case, with opposite load preferences. In this instance, the activity 

during the Mirror task was very close to the baseline activity, and the Opposite modulation was larger 

than either Contra or Ipsi tasks. Many cells showed a similar apparent combination of Contra and Ipsi 

activities. 

Surprisingly, there was little difference in either the average firing rate, or the dynamic ranges of 

firing rates between the four tasks. As can be seen in Figure 4-4A, the average firing rate across cells 

during the perturbation epoch was 16.2 sp/s for Contra, 15.4 sp/s for Ipsi, 16.7 sp/s for Mirror, and 16.8 

sp/s for Opposite. The dynamic ranges of neurons, calculated as their maximum firing minus their 

minimum firing rate across loads, was also very similar during this period. As seen in Figure 4-4C, the 

average firing rate range was 13.4 sp/s across Contra loads, 11.8 sp/s across Ipsi loads, 14.9 across 

Mirror loads, and 15.5 sp/s across Opposite loads. Admittedly, there were statistical differences when 

these values were compared (repeated measures ANOVA, firing rate average: F3,777 = 8.57, p < 0.001, 

dynamic range: F3,777 = 23.1, p < 0.001, post-hoc t-tests as shown in Figure 4-4A and 4-4C). However, the 

increase in the average firing rate and ranges during the bimanual perturbations was not much higher 

than for single-limb perturbations.  

During the postural epoch, results were very similar, with average firing rates across cells during 

the perturbation epoch of 15.3 sp/s for Contra, 14.6 sp/s for Ipsi, 15.3 sp/s for Mirror, and 15.3 sp/s for 

Opposite (repeated measures ANOVA, firing rate average: F3,777 = 4.53, p = 0.003, post-hoc t-tests as 

shown in Figure 4-4B). Dynamic ranges were similar as well, with 9.9 sp/s across Contra loads, 7.4 sp/s 

across Ipsi loads, 8.9 across Mirror loads, and 9.9 sp/s across Opposite loads (repeated measures 

ANOVA, firing rate average: F3,777 = 21.7, p < 0.001, post-hoc t-tests as shown in Figure 4-4D). 
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We further examined how pre-perturbation activity varied across the four tasks. The pre-

perturbation activity of two neurons are highlighted in Figure 4-5A where the average pre-perturbation 

activity is plotted for every single trial. In the first, baseline activity in the Contra task was lower than for 

the Ipsi task, and in the second, the reverse is true. In both cases, baseline activity in both the Mirror 

and Opposite tasks were very similar to that observed in the Ipsi task. We restricted the analysis to 229 

cells which showed a significant difference between the Ipsi and Contra task baseline activities (two-

tailed students t-test, p < .05) in the pre-perturbation epoch (100 ms before perturbation onset). 

We calculated the similarity index (SI) across each millisecond timestep for each cell. The median 

across cells can be seen in Figure 4-5B. Before perturbation onset, the median SI was 0.72, closer to Ipsi 

than Contra. At 33 ms post-perturbation, the median SI deviated by 3 SD from that value. The average 

median SI between 50 ms and 200 ms post-perturbation was 0.41, closer to the Contra activity than the 

Ipsi. To exclude the transition region, we calculated the similarity index for each cell based on two 

epochs: the 100 ms before perturbation onset, and 50-200ms after perturbation onset. The distributions 

of the resultant SI’s can be seen in Figure 4-5C. The median of the pre-perturbation SI distribution was 

0.83 and was 0.35 post-perturbation. During the posture epoch, the median SI was 0.47 (data not 

shown). Similar results were observed if the activity for the Mirror and Opposite tasks were analyzed 

separately (data not shown). 

Next, we examined the load sensitivities of each neuron across the tasks. For the perturbation 

epoch, the period 25-200ms after perturbation onset was used to fully capture any responses. For the 

posture epoch, activity for a given trial was averaged over the last 500ms of the trial. A neuron was 

considered responsive to the loads in a task of the plane fit across those loads was statistically 

significant at p < 0.05. The demographics of the number of cells which had load responses during each 

task can be seen in Tables 1 and 2. 

 



99 
 

Tasks (260 neurons total) Mirror (25) Opposite (42) Mirror & Opposite (139) Neither (39) 

Contralateral only (92) 10 13 60 9 

Ipsilateral only (26) 3 5 10 8 

Both (107) 8 15 80 4 

Neither (35) 4 9 4 18 

Table 4-1. Significant Plane-fit Postural Responses 

 

Tasks (260 neurons total) Mirror (32) Opposite (36) Mirror & Opposite (139) Neither (53) 

Contralateral only (75) 7 10 52 6 

Ipsilateral only (30) 5 10 5 10 

Ipsi & Contra (92) 7 6 78 1 

Neither (63) 13 10 4 36 

Table 4-2. Significant Plane-fit Perturbation Responses 

 

The most basic hypothesis would be that a cell which responds to either unimanual task would 

show some response during both bimanual tasks. Of the 225 cells which had some unimanual postural 

response in either limb, the majority (150) showed response to both bimanual tasks. Similarly, of the 

197 cells which showed some unimanual perturbation response, 135 responded during both bimanual 

tasks. Only 21 cells had postural unimanual responses with no bimanual response, and only 17 had 

unimanual perturbation response, but no bimanual. The remaining cells had responses for either the 

mirror or opposite task but not both.  

In a previous study (Heming et al., 2019), we examined how ipsilateral and contralateral 

responses were isolated in separate population-level subspaces. Here, we extended this analysis to 

investigate how these subspaces interact when performing the bimanual tasks. First, we obtained the 
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principle component subspaces that best described the average cellular activity during the perturbation 

epoch across the eight torque conditions for all tasks (Figure 4-6A). In all 4 cases, the first two principle 

components describe two phase-shifted cosine functions, indicating that the major component across 

all cells is cosine-like tuning. Importantly, we examined how much of the bimanual variability was 

described by the ipsilateral and contralateral subspaces. In all cases, the ipsilateral subspaces described 

very little of either the Mirror or the Opposite variance (Figure 4-6C, red bars), regardless of the number 

of PCs included, explaining a maximum of 12% of the Mirror variance and 16% of the Opposite variance. 

The contralateral subspaces explained more variance (Figure 4-6C, blue bars), explaining a maximum of 

42% of the Mirror variance and 56% of the Opposite variance. In both cases, the first two PCs accounted 

for the most variance (38% in Mirror, 53% in Opposite), with subsequent PCs contributing very little. 

Interestingly, once more than 2 PCs were included, a combined subspace consisting of PCs that explain 

both ipsilateral and contralateral variance explained more of the bimanual variance, explaining up to 

50% of the Mirror variance and 59% of the Opposite variance.  

This analysis was also used to examine how well the subspaces that most optimally described 

the activity during the bimanual tasks described the activity during the unimanual tasks. A similar 

situation unfolded. As can be seen in Figure 4-6E, contralateral variance was accounted for well by both 

the Mirror (45%) and Opposite (54%) subspaces, with the first two PCs accounting for most of the 

variance. However, a combination of the two accounted for more than each (63%). Ipsilateral variance 

was accounted for poorly by the bimanual subspaces, but the combination (30%) accounted for double 

the amount accounted for by either Mirror (13%) or Opposite (16%) subspaces alone. 

The posture epoch was analyzed similarly (Figure 4-6B, D and F). The same variance attribution 

characteristics were noted between this epoch and the perturbation epoch, however the total variance 

accounted for was lower across all conditions. 
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We found some neurons where the perturbation response dynamics during bimanual tasks 

appeared to reflect a sum of both the Contra and Ipsi activity. We examined how the activity during the 

Mirror and Opposite tasks were related to the Contra and Ipsi activity using a general linear model. We 

applied increasing numbers of free parameters to find the model which fit the data best. To ensure that 

we only used cells where there were dynamics to compare, the analysis was restricted to only the cells 

that had load response magnitudes in the upper 50th percentile for both ipsilateral and contralateral. 

Thus, we used 87 cells for this analysis. 

In the first model, we set the α and β coefficients to be exactly 1 and omitted the interaction 

term, γ, to test whether the full summation of Contra and Ipsi activity would describe the bimanual 

activity well. In this case, only the intercept of the model varied. This model fit the majority of the 

neurons so poorly that, across neurons, the average r2 value was -0.13. Forcing the model to use static 

coefficients, that did not well-represent the data, introduced more error than simply using a static 

offset, resulting in many negative coefficients of determination. 

We moved on to a second model (single coefficient model) that assumed a similar scaling for 

both the Contra- and Ipsi-related activity during the bimanual tasks, such that α and β were equal, but 

still omitted the interaction term. Across cells, the α = β coefficients were found to be between 0 and 1 

(Figure 4-7A), with a mean value of 0.58 (SD = 0.15) and an average r2 value of 0.36 across all cells. 

Importantly, the α = β coefficients were never higher than 1, indicating that there was always a 

reduction in the activity during bimanual tasks as compared to that observed in the two unimanual 

tasks. 

The third model (independent coefficients model) allowed α and β coefficients to vary 

independently, but still omitted the interaction term. This investigated the relative addition between the 

Ipsi and Contra. We found that there was an imbalanced suppression between ipsilateral activity and 

contralateral activity. As seen in Figure 4-7C, the population of coefficients is primarily below the 
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positive diagonal, with a mean contralateral coefficient across cells of 0.68 (SD = 0.19) and a mean 

ipsilateral coefficient of 0.35 (SD = 0.20). This model explained more variance across cells than the single 

coefficient model, with an average r2 value of 0.39 across all cells. 

Finally, we added in an interaction term (interaction model), γ, which multiplied the pairwise 

multiplication of Ipsi and Contra datapoints. This tested whether there was an interaction effect 

between the Ipsi and Contra components. With this model, the distribution of α and β coefficients were 

still typically below the diagonal axis and mostly between 0 and 1 (Figure 4-7C left), with a mean 

contralateral coefficient of 0.61 (SD = 0.26), and a mean ipsilateral coefficient of 0.27 (SD = 0.30). The 

interaction coefficient, γ, ranged both positive and negative, with an average of 0.0063 and a standard 

deviation of 0.016. The average r2 value increased only slightly to 0.40 across cells. There was a negative 

correlation between the interaction coefficient and both the Contra (Figure 4-7C middle, γ =  0.027 −

0.034α, r2=0.31) and the Ipsi (Figure 4-7E right, γ =  0.015 − 0.031β, r2=0.33) coefficients. 

We used a Consistent Akaike’s Information Criteria (CAIC) to determine which model was 

optimal for describing each neuron. We used a standard exponential method to calculate the likelihood 

of a given CAIC score to be the minimum value (Burnham and Anderson, 2004) and considered a model 

valid if its CAIC had at least a 95% chance of being the optimal model (Figure 4-7D). As expected, none of 

the cells were best described the model when the coefficients were set to 1. Twenty-Six of the 87 cells 

were described optimally by the single coefficient model, the independent coefficients model was 

optimal for 49 cells, and the interaction model was the optimal model for 13 cells. 

While we used cells that responded to both Contra and Ipsi loads to examine the models, an 

important question was whether the observed reduction, shown by coefficients less than 1, held for 

neurons that were not as responsive to one limb or the other. For instance, does a cell which only or 

primarily responds to Contra loads show the same reduction during bimanual loads as a neuron that 

responds to both Contra and Ipsi loads? To investigate this, we investigated cells that were outside the 
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upper 50th percentile criteria used earlier. We examined cells that were primarily responsive to 

contralateral loads (in the upper 50th percentile for Contralateral loads and the lower 50th percentile for 

Ipsi loads) and those that were primarily responsive to ipsilateral loads (in the lower 50th percentile for 

Contralateral loads and the upper 50th percentile for Ipsi loads). The independent parameters model was 

applied to these additional groups and the coefficients were compared with the averages found 

previously. As seen in Figure 4-7E, there was no difference in the average α values between neurons 

that were responsive to both and those that were primarily responsive to contralateral loads (blue dots). 

There was also no difference in the average β values between neurons that were responsive to both and 

those that were primarily responsive to ipsilateral loads (red dots). Note that α was not considered for 

primarily ipsilateral nor β for primarily contralateral because the low or absent responses lead to 

unreliable coefficient values. 

We also applied each model analysis to various modifications of the perturbation data such as 

removing the mean pre-perturbation activity from each sub-task, removing the mean activity for each 

sub-task to leave only the load effects, and analyzing only the mean activity across tasks so as to remove 

loads. In each case, similar results were observed with regards to the compression of load-related 

activity particularly related to the ipsilateral limb (data not shown). 

The modeling analysis was repeated for the postural epoch (Figure 4-7F-J).  Similar to the 

perturbation epoch, the model that set the coefficient to 1 did not fit the data, with an average r2 of -

0.23. With the single coefficient model, the average coefficient was 0.52, however the standard 

deviation was much higher at 0.24. Unlike the perturbation epoch, 3 of the 87 cells greater than 1, and 

one cell had a coefficient of less than 0. When α and β were allowed to vary using the independent 

parameters model, there was a much higher diversity in values than during the perturbation epoch. The 

means still tended towards the contralateral (α: mean = 0.53, std = 0.33) rather than ipsilateral (β: mean 

= 0.38, std = 0.40). Adding the interaction term (interaction model) caused the coefficient values to 
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become greatly exaggerated (α: mean = 0.51, std = 1.38; β: mean = 0.31, std =1.48). This effect was 

likely an artifact of overfitting. The CAIC found only that 10 of the 87 cells were optimally described by 

setting the coefficients to 1, 61 cells were optimally described by the single parameter model, 17 by the 

independent parameters model and only 1 was described optimally by the interaction model. 

We also fit the interaction model to 10ms intervals in 1ms increments across time during the 

perturbation epoch to examine whether the coefficients in our model changed over time. First, we used 

the entire population data. As seen in Figure 4-8A, before perturbation onset, β is consistently higher 

than α. This matches with our earlier firing rate analysis that showed that the pre-perturbation firing 

rate during the bimanual tasks was more like the Ipsi task pre-perturbation firing rate than Contra.  At 

32 ms after perturbation onset, the two swap and α is higher, with α and β taking on consistent values 

that approximate the mean coefficient values seen across the per-cell population. Because of the 

interference of pre-perturbation activity, we repeated this analysis only using the load signal, removing 

the mean across load conditions at every time epoch (Figure 4-8B). Interestingly, the α and β 

coefficients rise above 3SD from noise at different times. α exceeds this limit at 30ms after perturbation 

onset and β exceeds the limit at 44 ms. 

 

4.6 Discussion 

The present study examined how load-related activity in M1 is altered when an animal performs 

bimanual versus unimanual motor tasks.  Previous studies highlight how neural activity in M1 

modulates, not only for contralateral motor actions, but also for ipsilateral motor actions. We found 

activity related to loads applied to both limbs is still present in M1 during bimanual motor tasks. 

However, we found a dynamic range adaptation occurs that caused load-related modulation to diminish 

when loads were applied to both arms, and to a greater extent for the ipsilateral limb. This change in the 
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pattern of activity in M1 when a behavioural context switches from uni- to bimanual motor actions 

highlights the dynamic nature of the relationship between M1 activity and motor output.  

There are both benefits and drawbacks in using uni- and bimanual postural perturbation tasks to 

explore how behavioural context alters M1 processing. Neural activity in M1 can reflect many different 

aspects of motor action related to both the kinematics and kinetics of movement (see Scott 2003, 2008 

for reviews). Recent studies also suggest that a substantial proportion of activity in M1 can be 

disconnected from descending control and reflects internal dynamics of movement preparation (Elsayed 

et al., 2016; Kaufman et al., 2014). We focused on quantifying neural activity specifically related to loads 

applied to the elbow and/or shoulder, allowing us to explore how this specific neural representation is 

altered across behavioural contexts. This load-related activity is closely related to muscle activity and 

thus provides a close surrogate of the relationship between M1 and muscle activity. Brain computer 

interfaces also provide a useful approach to examine the relationship between M1 activity and motor 

output as the latter can be clearly defined and controlled (Rasmussen et al., 2017), albeit in an artificial 

and for a less skilled behavior. 

A clear benefit of comparing neural activity across unimanual and bimanual motor tasks is that 

the motor performance remains similar whether or not the ipsilateral limb performs a motor task. That 

is, the contralateral limb performs identical motor actions permitting direct comparisons on how the 

behavioural context beyond the nominal motor action influences M1 activity. Admittedly, there were 

some small differences in the corrective motion of the limbs when they were performed bilaterally as 

compared to unilaterally.  These differences likely reflect to some degree mechanical interactions 

through the body when loads are applied unilaterally versus bilaterally, but these differences in limb 

motion could also reflect attentional issues related to the need to control the spatial location of both 

limbs during the bimanual task. Clearly, the classic study that demonstrated a simple change in the 

range of load conditions examined in a block of trials provides the cleanest example on how behavoural 
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context alters the relationship between M1 activity and motor output (Hepp-Reymond et al., 1999).  

However, the present paradigm allowed us to explore a broader range of issues related to directional 

load preferences and how a factor beyond the control of the contralateral limb, in this case control of 

the ipsilateral limb, influences neural processing. 

Perhaps the most interesting observation from this study is that the reduction in dynamic range 

was substantially larger for the ipsi- versus the contralateral load representations in M1.  When both 

limbs were used simultaneously virtually all neurons displayed a reduction in the dynamic range as 

compared to unimanual motor performance. Average reduction in the dynamic range was 0.68 for the 

contralateral limb, whereas it was 0.35 for the ipsilateral limb shortly after perturbation onset, and 0.53 

and 0.38 during the postural hold period. Further, the dynamic range was always reduced more for the 

ipsilateral as compared to the contralateral limb during bimanual motor actions, as signified by the fact 

that virtually every data point is below the unity line in Figure 4-7B. This highlights that changes in the 

dynamic range is not simply a uniform reduction across all aspects of neural processing. Rather dynamic 

range can be altered selectively for different factors, in this case, for load-activity related to each limb.  

The fact that M1 is principally involved in controlling contralateral limb movements likely explains why 

the dynamic range was scaled less than for the ipsilateral limb. 

It is important to note that the Mirror and Opposite tasks that we used to quantify M1 activity 

during a bimanual task were comprised of separate loads and spatial targets for each hand. The task did 

not require any bimanual coordination between limbs as each limb had a separate spatial goal and there 

was no way for one limb to ‘assist’ the other. This is in contrast to bimanual tasks such as that used by 

Diedrichsen et al. and others (Diedrichsen, 2007; Dimitriou et al., 2012; Omrani et al., 2013) where a 

single cursor and target was used that represented the average locations of both hands. In that case, 

perturbations and cursor shifts could be corrected by either hand or both. It is possible that the 
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reduction in dynamic range may be altered if the two limbs were used together to attain a behavioural 

goal. 

Observations that the dynamic range of M1 neurons are altered for the same motor task but 

under different behavioural contexts has a clear impact on how descending signals from M1 drives 

muscle activity during voluntary motor actions. In our experiment, the same motor output was required 

in the contralateral limb to oppose the mechanical loads and maintain the hand at a central target 

whether or not the ipsilateral limb also performed the task.  However, the amount of activity in M1 

decreased substantially when the ipsilateral limb was also performing the same motor action. While we 

did not directly identify that our neural population were corticospinal neurons, it is likely that many did 

project to the spinal cord. This strongly suggests that there must be a mechanism that can compensate 

for this reduction in the magnitude of descending signals from M1 to the spinal cord during our bilateral 

motor task in order to maintain a similar motor output. It is possible that there is some sort of 

facilitation process, at the brainstem or spinal cord level, when both limbs are used to perform a given 

behavioural task. However, other studies have found changes in dynamic range when performing motor 

actions with only the contralateral limb but under different behavioural conditions (Hepp-Reymond et 

al., 1999; Rasmussen et al., 2017). Thus, a more general mechanism beyond bilateral facilitation must be 

present. 

One possibility is that changes in the dynamic range of M1 neurons across behavioural contexts 

is compensated by corresponding changes in the gain of synaptic input of motoneurons due to 

neuromodulatory input (Naufel et al., 2018). Previous work has shown that increases in descending 

monoaminergic input increases persistent inward current (PICs) in spinal motoneurons which amplify 

the relationship between synaptic input and motoneuron firing (Lee and Heckman, 2000). There is also 

some indication that spinal serotonin levels can modulate movement gain (Wei et al., 2014). This 

neuromodulatory pathway can modify the relationship between synaptic input and motoneuron output 
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at the second time scale. Thus, these changes in neuromodulatory tone are too slow to alter the 

relationship between M1 activity and motor output during a single motor action such as during reaching 

or generating a motor correction to maintain the hand at a spatial target. However, this time scale is 

certainly fast enough to modify neuromodulatory set prior to motor actions. In our task set, it was clear 

to the monkeys whether they were about to experience a unimanual or bimanual set of loads, even if 

the exact load was not apparent. 

Our timing analysis showed a difference in when the contralateral and ipsilateral components 

took effect. Paradoxically, neural activity during bilateral postural control prior to the perturbation 

paralleled the level of activity observed during ipsilateral motor performance rather than contralateral 

performance, although the reason for this is unclear. After the perturbation, contralateral load-

responses across the population started at 30ms after perturbation onset and ipsilateral load responses 

started about 14 ms later. Interestingly, in the intervening time period from 30 ms to 44 ms post 

perturbation, the contralateral coefficient remained constant after the 44 ms mark. This indicates that 

the reduction in dynamic range following the perturbation is not contingent on the simultaneous 

presence of a signal related to the ipsilateral perturbation, but rather the context of the entire trial 

being completed.    

It is interesting to note that the total activity in M1 appears to remain roughly the same whether 

the contralateral limb is used on its own or with the ipsilateral limb. Less activity was observed for 

ipsilateral limb motor function, but this is not a surprise as the other cortical hemisphere is principally 

involved in its control. This broad suppression is very similar to a the predictions of a network-wide 

divisive normalization model of sensory integration proposed by Ohshiro et al. (2011) that proposes that 

even non-optimal input should produce normalization. An interesting prediction of the model is that 

unisensory neurons should show cross-modal suppression. Here, we see a very similar phenomenon in 

the compression of neural responses in, not only neurons that responded to loads applied to either 
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limb, but also neurons that only responded principally to one limb. Thus, changes in dynamic range are 

not dictated by a local neuron-based rule to maintain the range of activity constant for each individual 

neuron. Rather, dynamic range adaptation appears to be a mechanism to maintain a constant level of 

activity across the cortical network. 
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4.7 Figures 

 
Figure 4-1. The postural perturbation tasks. Eight torque combinations of elbow and shoulder loads 
were applied to the arms in four tasks that were all semi-randomly interleaved. A, Loads were applied to 
the arm contralateral to the neural recordings while the ipsilateral arm was relaxed (Contra task). B, 
Loads were applied to the ipsilateral arm while the contralateral limb was relaxed (Ipsi task). C, Loads 
were applied to both arms simultaneously, where the torque applied was mirror matched (Mirror task). 
D, Loads were applied to both limbs simultaneously, where the torque applied to the ipsilateral limb was 
the opposite to the contralateral torque (Opposite task). Note that the opposite torque was opposite in 
joint space, e.g. elbow flexion on contralateral and elbow extension on ipsilateral. E, A matrix of all 
possible combinations of torque that could have been applied during the bimanual conditions and which 
were covered by the Mirror (orange) and Opposite (green) tasks. 
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Figure 4-2. Kinematics between unimanual and bimanual tasks. A-B, Hand paths for the left and right 
hand of Monkey A.  Blue traces for contralateral perturbation only, red for ipsilateral perturbations only, 
orange and green are contralateral and ipsilateral perturbations that are mirror and opposite, 
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respectively. Circles indicate the 200ms mark on the hand trajectory. C-D, Total hand speed for the left 
and right hand for Monkey P and for each perturbation type. E, For Monkey A, one-way ANOVAs on the 
Integrated hand velocity from 0-200ms, peak hand velocity between 0-200ms and the hand velocity for 
the left hand revealed significant main effects (F3,28=41.1, 51, 15.9, respectively, p<0.001).  Post-hoc 
tests revealed right movements were significantly smaller than ipsilateral and both bimanual conditions 
(p<0.001). F, For Monkey P, one-way ANOVAs on the Integrated hand velocity from 0-200ms, peak hand 
velocity between 0-200ms and the hand velocity for the right hand revealed significant main effects 
(F3,28= 36.4, 26.7, 13.1, respectively, p<0.001).  Post-hoc tests revealed left movements was significantly 
smaller than ipsilateral and both bimanual conditions (p<0.001)., G, For Monkey M, one-way ANOVAs on 
the Integrated hand velocity from 0-200ms, peak hand velocity between 0-200ms and the hand velocity 
for the left hand revealed significant main effects (F3,28= 57.1, 48.5, 16.6, respectively, p<0.001).  Post-
hoc tests revealed right movements were significantly smaller than ipsilateral and both bimanual 
conditions (p<0.001).  The hand velocity at 200ms was also significant between the two bimanual 
conditions (p=0.04). H, For Monkey M, one-way ANOVAs on the Integrated hand velocity from 0-200ms, 
peak hand velocity between 0-200ms and the hand velocity for the right hand revealed significant main 
effects (F3,28= 34.2, 27.7, 12.3, respectively, p<0.001).  Post-hoc tests revealed left movements was 
significantly smaller than ipsilateral and both bimanual conditions (p<0.001). 
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Figure 4-3. Examples of cell activity during the four sub-tasks. Color plots represent firing rate across the 
eight load conditions vertically (see Figure 4-1 for load numbers) and time around perturbation onset 
horizontally. Perturbation onset is marked by a vertical dotted line. The plots are interpolated and 
smoothed across the eight loads for visualization. A, An example cell that showed modulated activity 
across loads during the Contra task, but very little activity across loads in the Ipsi task. Mirror and 
Opposite profiles closely resemble the Contra profile. B, An example cell that showed little activity 
during the Contra task but modulated activity during Ipsi. Mirror closely resembles the Ipsi profile, but 
Opposite appears rotated, as the ‘ipsilateral’ component of that task is also rotated. C, An example cell 
that showed modulated activity during both Contra and Ipsi tasks with opposite load preferences. 
Mirror activity was minimal, while Opposite activity was more robust than either Contra or Ipsi. 
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Figure 4-4. Differences in average firing rate and range of differences during each of the tasks (C – 
Contra, I – Ipsi, M – Mirror, O – Opposite). A. The average firing rates for a random selection of 68 cells 
are plotted with a random color and the population means are plotted in thick black with error bars 
denoting standard error. Differences between the tasks were examined by paired t-test. Significance is 
noted as * p < 0.05, ** p < 0.01, and *** p < 0.001. B, Difference between maximum and minimum firing 
rates across load conditions shown for the same 68 cells are plotted with a random color and the 
population means are plotted in thick black with circles. Differences between the tasks were examined 
by paired t-test. C-D, Similar, for the postural epoch. 
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Figure 4-5. Pre-perturbation activity during the Mirror and Opposite tasks matches the Ipsi pre-
perturbation activity more than the Contra pre-perturbation activity. A, The per-trial (grey dots) and 
mean (horizontal line) activity of two example cells for the pre-perturbation (-100ms to 0ms) epoch. The 
first cell had higher Ipsi pre-pertubation activity and the second had higher Contra pre-perturbation 
activity. B, Distributions of the similarity index of Mirror and Opposite activities for each cell in the pre-
perturbation (solid) and post-perturbation (dotted) epochs. Contra and Ipsi reference lines are denoted 
as vertical blue and red lines respectively. C, The population similarity index of Mirror and Opposite 
activity to Contra (blue) and Ipsi (red) in 10 ms moving epochs. Note that the postural epoch is 
horizontally compressed.  
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Figure 4-6. Subspace representations of perturbation and postural data. A. The first three principle 
components (PCs) that describe the data during the perturbation epoch (25 – 200 ms post-
perturbation). B, Similar for posture epoch (last 500 ms of hold period). C, Amount of variance in Mirror 
and Opposite task activity explained by given number of Contra PCs, Ipsi PCs, and PCs that describe 
both. D, Similar for posture epoch. E, Amount of variance in in Contra and Ipsi task activity explained by 
given number of Mirror PCs, Opposite PCs, and PCs that describe both. F, Similar for posture epoch. 
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Figure 4-7. Models of predicting bimanual (Mirror and Opposite) activity from combinations of Contra 
and Ipsi activity where α is the Contra coefficient and β is the Ipsi coefficient. A, Distribution of model 
coefficients across cells for the model where α = β applied to the post-perturbation epoch (25-200 ms 
after perturbation onset). B. Scatter diagram of model coefficients for a linear model allowing varied α 
and β. C Scatter diagrams of relationships between α, β, and γ coefficients for a model including 
interaction effects. D, The number of neurons where the likelihood of minimization of the Consistent 
Akaieke’s Information Criteria (CAIC) was for a given number of parameters (0 where α = β = 1; 1 where 
α = β; 2 where α, β vary; 3 where α, β, and γ vary). E, Comparison of average α (blue), and β (red) 
average coefficients using the 2-parameter (α, β) model between neurons that had large Contra and Ipsi 
responses (Both), large Contra and small Ipsi (Contra), or large Ipsi and small Contra (Ipsi) responses as 
grouped by percentile. Error bars denote standard error.  G-J, Similar for postural epoch (last 500 ms of 
hold period). 
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Figure 4-8. Model coefficient evolution across time during the perturbation epoch. A, Model coefficients 
for the full 3-parameter model calculated across all cells in 10ms windows and incrementing by 1 ms 
across the perturbation epoch. The point at which α becomes higher than β is marked. B, similar, but 
applied to the data after the mean across load conditions per-task were removed, leaving only the load 
response. The points at which α and β cross the 3 standard deviation limits from noise are marked. 
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Chapter 5 Discussion 

5.1 Summary of Findings 

Over the last several decades, the primary motor cortex (M1) has been the subject of much study. 

Stimulation, behavioural, imaging, and electrophysiology has attempted to correlate M1 activity with 

many different behaviours and parameters of movement to classify its role in motor control (for review, 

see Scott 2008). From this mountain of research, many different variables have been correlated with M1 

activity including low level muscle activity (Bennett and Lemon, 1996; Cherian et al., 2013; Evarts, 1968; 

Humphrey, 1972; Kakei et al., 1999; Oby et al., 2013; Scott, 1997; Sergio and Kalaska, 2003), high motion 

parameters and spatial goals (Cherian et al., 2013; Kakei et al., 1999; Sergio and Kalaska, 2003; Thach, 

1978), and even the information from the ipsilateral side of the body (Cardoso de Oliveira et al., 2001; 

Cisek et al., 2003; Donchin et al., 2002, 1998; Matsunami and Hamada, 1981; Rokni et al., 2003; 

Soteropoulos et al., 2011; Tanji et al., 1988). This thesis and its experiments were motivated to examine 

how M1 generates commands to control the contralateral motor periphery in the face of the vast array 

of information it contains. Our summaries of findings are: 

1. In the first experiment (Chapter 2), we examined the problem of intercorrelated movement and 

motor variables that comes with using only one task. We classified M1 neurons by their load 

preference during a postural task and then examined how these groups responded during a 

reaching task. Neural network models predicted that we would see a lawful relationship 

between reaching and load preferences, which we found in most neurons that responded 

during both tasks. We also found that groups of load-classified neurons predicted the spatio-

temporal patterns of activity seen by muscles with similarly classified load preferences. This 

experiment showed that M1 is closely involved with the generation of muscle activity patterns. 
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2. In our second experiment (Chapter 3), we investigated how M1 could reliably control the 

contralateral side of the body while also representing other information. Previous research 

showed that M1 contained information relation to ipsilateral movements (Cisek et al., 2003; 

Donchin et al., 2002, 1998; Rokni et al., 2003), but offered little explanation as to how this 

information existed without impacting contralateral control. We used a combined perturbation 

and postural task that allowed us to investigate not only the dynamic and static response of M1 

neurons to precise loads, but the timing of those responses as well. In line with previous 

research, we found that both ipsilateral and contralateral loads were robustly represented in 

cortex. More importantly, we showed that neuron load preferences inhabited separate 

subspaces for ipsilateral and contralateral activity that could allow for isolating population-level 

activity from the periphery. 

3. In our third experiment (Chapter 4), we expanded upon the second experiment and perturbed 

both arms simultaneously to investigate how the combination of information would be 

represented in M1. We found that the responses of M1 neurons during these bimanual loads 

was related to both the activity during the contralateral task and the activity during the 

ipsilateral tasks. Importantly, we found that there was general compression of the dynamic 

range that represented both ipsilateral and contralateral information when performing 

bimanual tasks. Further, we found that this suppression was not symmetric – the ipsilateral 

component of bimanual signal was compressed much more than the contralateral component. 

We found that this compression was broad in nature, affecting all neurons, even neurons that 

responded only unimanually as well as bimanually. 
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5.2 Representation in M1 

The role of the primary motor cortex has often been described very narrowly, with studies 

correlating to single factors and then extrapolating M1’s “role” in motor control from that correlation. 

Some have looked at M1 as a muscle pattern generation area, as neural firing in M1 is highly correlated 

with many parameters of muscle activity (Bennett and Lemon, 1996; Cherian et al., 2013; Humphrey, 

1972; Kakei et al., 1999; Murphy et al., 1985; Oby et al., 2013; Scott, 1997; Sergio and Kalaska, 2003). 

Others have proposed M1 as a high-level motion planning area, showing correlations of M1 neurons 

with parameters such as direction of hand motion (Georgopoulos et al., 1982; Philip et al., 2013; 

Toxopeus et al., 2011), hand movement speed (Schwartz, 1993), and target direction and speed 

(Johnson et al., 1999).  

The issue is complicated to address, as many of the parameters that studies have correlated M1 

activity with are intercorrelated with others (Humphrey, 1972). For instance, when studying reaching 

movements of the arm, movements of the hand forward are correlated with elbow extensor and 

shoulder flexor muscle activation. As such, it is difficult to simply say whether correlated neural activity 

is indeed related to high-level directional information or low-level muscle activity. 

Indeed, we showed that when M1 neurons are independently grouped by their load-preference, 

that those load-classified neurons represent the dynamics of muscles. While there is no question that 

there are spinal influences to muscle activity (Alstermark and Isa, 2012) especially in terms of short-

latency feedback responses (Miri et al., 2017) and locomotion (Courtine et al., 2005; Drew et al., 2002), 

the fact that these patterns appear in cortex indicates that the dynamics are, at least in part, generated 

at the cortical level. Further, we showed that load-sensitive neurons tended to show a lawful 

relationship between their reaching preferences and their load preferences which match the 

preferences of their associated muscles. Given that the decomposition of bimanual activity roughly 

mapped to linear sums of the activity during ipsilateral movement, we presume that these 
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representations remain consistent even when overlapping subspaces are active. Rasmussen et al. (2017) 

showed similar between 2D and 3D reaching. They noted that even when the context was increased 

from reaching to targets in a circle to targets in a sphere, the directional preference of cells in the 2D 

projection of the circle during the spherical reach tended to match their directional preference during 

the circular reaching task, even if the scaling was lower. 

However, it is important to make clear that this does not rule out the role of M1 in representing 

other information. In chapter 3, we described how M1 neurons can reflect information such as 

ipsilateral activity that has little to no direct effect on descending commands. Furthermore, the neurons 

that reflect this information are not a separate population, they were neurons that responded to both 

contralateral and ipsilateral loads. As such, it is entirely possible that both low- and high-level 

information could be represented in M1. Many types of information could be present in different 

subspaces depending on the context and output necessary for the circumstances. At this time, it is 

unclear whether high- and low-level information might inhabit orthogonal subspaces in the same 

population or perhaps be represented by different populations of neurons. Oby et al. (2013) 

investigated M1 neurons during wrist movements made is various orientations. They found that, while 

the majority of neurons were representative of the muscle tuning, there was a spectrum of 

representation for high level directional information as well which may indicate, similarly, broad overlap 

of high and low-level variables.  

Interestingly, one of the implications of our results is that motor fields for different body parts 

are highly distributed in their representation as well. This can be seen on the small scale in in the 

interaction between shoulder and elbow ‘tuning’. While we classify a cell as being tuned to a 

combination of elbow and shoulder torque (such as shoulder flexion and elbow extension), this tuning 

can actually be thought of as two overlapping subspaces of response. In a situation where elbow 

extension was occurring with no shoulder flexion, the cell would be active, even though it is classified as 
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being responsive to shoulder flexion as well. When we added the ipsilateral arm, we expanded the 

dimensionality of investigation from two to four. Importantly, the two extra dimensions were not 

physically or dynamically related to the first two, so the only reason to have overlapping representations 

would be to account for task and behavioural contexts. The neurons that we investigated spanned the 

entire space of control. We would expect that if all the possible dimensions of motor control were 

added (e.g. wrist, finger, knee, hip, body, etc.) we would find that that the population would reflect each 

as broadly overlapping subspaces. 

5.3 Activity Normalization 

Any photographer will tell you that the hardest things to judge when taking a picture with a 

manual camera are the settings to capture the correct light and shadow detail in a scene. Set a slightly 

too wide aperture, or too long an exposure, and highlights in the picture will be washed out. Set the 

aperture too narrow or the exposure too short, and shadows will be all black. The issue is that film (and 

CCD chips used in modern cameras) can only represent a range of luminance that is far less than the 

range of luminance is far less than the range we can encounter in every day life, from bright sunny days 

to dim candle-lit dinners. As a result, we have invented mechanisms such as aperture, shutter speed and 

ISO which allow us to change the dynamic range that is captured to match the particular context. 

The problem of dynamic ranges being larger than the system of representation also an issue for 

neural systems, and normalization and adaptation are well-studied in sensory systems. In our visual 

system adaptation happens not only with the range of luminance, but also orientation (Andrews, 1967; 

Zhang et al., 2009) and movement (Mather et al., 2008) and color corrections (Foster, 2011; Krauskopf 

et al., 1986). Interestingly, adaptation occurs for even high-level variables. when viewing computer-

generated models of humans walking, viewing many female walkers would cause androgynous walkers 

to be viewed more often as male walkers (Troje et al., 2006).  
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Importantly, the adaptation seen in these systems are not only reactive in nature. Larsson and 

Smith (2012) used a system of focused and diverted attention to show that some adaptation is due to 

the expectation of upcoming stimuli, rather than just a passive neural adaptation to previous stimuli. 

This is important because, in the motor system, the firing rate of the network is not determinable except 

by the known context. In this case, this refers to the knowledge of whether the upcoming perturbation 

will be unimanual or bimanual, but in general, the system would have to translate the contextual need 

for muscle activity into a dynamic range appropriate to represent that action. 

Divisive normalization is a computational model where neurons are driven by their afferent 

input but are also inhibited by the general activity of the network. It has been put to use in describing 

the normalization that occurs in sensory systems (Heeger, 1992; Ohshiro et al., 2017, 2011). However, 

one of the issues with this is what factors to include in the normalization. This is especially a concern in 

sensory systems where there may be many inconsequential sources of information. If all sources of 

information were included, the important information would be so decimated as to be useless. This 

issue is known as ‘marginalization’. The results of this thesis do indicate that, at least in the motor 

systems, there is an inequal normalization when important (contralateral) and unimportant (ipsilateral) 

sources are combined. Further investigation is required into how additional information sources both 

consequential and inconsequential are integrated or at least represented. 

 

5.4 Subspaces All the Way Down 

In this thesis we showed that the activity in primary motor cortex related to ipsilateral and 

contralateral activity are independent and reside in separate subspaces of neural activity. And while we 

showed that spatiotemporal patterns of muscle activity can be predicted in M1 based on groups of load-

classified neurons, we acknowledged that the results are based on averages within those groups and 
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does not reflect every neuron in the group. In fact, we showed that, across a population of cells, 

perturbation and postural responses occupy statistically different subspaces, though not as different as 

contralateral and ipsilateral preferences. The question then becomes – how far down the motor-control 

pathway do these subspaces go? 

 If we consider the periphery as though it were a reduced model of muscle activity such as a 6-

muscle effector on a two-joint limb (Heming et al., 2016; Lillicrap and Scott, 2013) then at least some of 

the subspaces would have to eventually combine into a cohesive command signal. For instance, even 

though perturbation and postural signals could inhabit separate neural subspaces, they would both 

need to project on the same set of force-producing units to create meaningful motor behaviour. 

However, muscles are not homogenous force producers. Muscles can be made up of fast twitch fibres, 

whose force production peaks at less than 30 ms, and slow twitch fibres that take longer than 40 ms 

(Burke, 1967). Milner-Brown et al. (1973) showed that motor units innervating the interosseus of the 

hand had varied twitch tensions and threshold forces which were highly correlated. Conduction velocity 

also plays a factor in onset and recruitment tension (Andreassen and Arendt-Nielsen, 1987). The control 

of these different fibres may take entirely different pathways, and thus have different subspaces in 

motor areas such as M1. 

Even the range of speeds and tension production in motor units is not stable. In 1962, Harrison 

and Mortensen showed that by providing a human subject with visual and auditory feedback of the 

activity of individual peripheral motoneurons, the subject could learn to control the activity of those 

motoneurons independently of muscle force generation (Harrison and Mortensen, 1962). Since then, 

individual motor units have been shown to be differentially activated based on arm location and 

orientation (ter Haar Romeny et al., 1984; Thomas et al., 1978) as well as whether the task is simple 

flexion or linear combinations of forces (Romeny et al., 1982). 
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This issue is vaguely addressed by Elsayed et l. (2016) when they expressed why subspace analysis 

was used as opposed to null space analysis like Kaufman et al. (2014). However, they do not address the 

level to which the subspaces extend. This raises the question of how far these subspaces extend. Do 

they combine into some force-producing common signal before being translated into the appropriate 

control signals for muscle activation, or are different muscle fibres recruited separately across different 

contexts? It would seem like a poor use of biological resources if there were different end-effectors for 

each task, but it is still a possibility. Future studies using the paradigms presented here but examining 

more distal components of the motor system all the way to motor unit activation in the muscles should 

be conducted.  

 

5.5 Consideration of methods 

Historically, the function of neural systems has been investigated with reference to the ‘coding’ 

of neurons. With sensory systems, the coding of a neuron is defined by the stimuli to which it responds. 

A neuron that responds to a particular frequency of sound is often labeled as coding for that frequency. 

A neuron in visual cortex that responds to a particular direction of movement of light across the retina 

codes for that movement. In the same way, neurons in the motor system have been examined by 

relating them to the movements to which they have been associated. As discussed earlier, many 

different correlations can be found between neurons in M1 and various high- and low-level parameters. 

We addressed this issue in chapter 2 by separating our classification and prediction tasks. Likely due to 

this issue, other studies have begun to broaden their investigations past one-task correlation, as well. 

For example, Cherian et al. (2013) used two different force fields and investigated force representation 

of neurons.  
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The other issue brought up in this thesis is that neurons cannot be examined in a vacuum. As we 

showed in chapter 3, some cells that are highly correlated with motor activity in the contralateral limb in 

one task can activate without that same motor activity in another. It is not until a larger population of 

neurons is analysed that it is clear that there are subspaces that allow for potential cancelation of 

activity. 

With these issues in mind, a crucial message of this thesis is that there are two factors which 

must be considered when examining the contribution of a single neuron to peripheral motor activity. 

First, the behavioural variables used to examine the neuron must be considered with relation to the 

physics of the body and the intercorrelation of measured variables. Second, the activity of the neuron 

cannot be analysed in a vacuum, it must be examined in concert with the population to account for 

potential population-level insolation of output signals. As a result, both past and future research must 

be considered with reference to these issues. 

5.6 Bimanual Control 

The experiments in this thesis examined the cortical responses associated with each arm 

individually, and tasks which used both arms. However, these ‘bimanual’ tasks could more accurately 

have been labeled ‘bilaterally simultaneous unimanual tasks’. While there were some small changes in 

the kinematics of our monkeys when they performed the bimanual versions, the behavioural solution to 

the perturbations on each arm during the bimanual conditions was roughly the same as the behavioural 

solution during the unimanual tasks. Furthermore, variations in the behavioural solution to one arm did 

not impact how the other arm should accomplish its goal. This is not the case for many real-life tasks. 

Shooting a basketball requires different and coordinated activity of both the shooting and guiding hand 

which must be updated smoothly through the movement. Carrying a tray in both hands requires that 

the sides respond in a coordinated manner if one arm is bumped. 



131 
 

Our recordings in this thesis indicated that the information in M1 related to each arm was 

confined to independent subspaces that did not interact. The next step in this line of research would be 

to move to a bimanual task that required concerted interaction of the hands and investigate whether 

the population response shifts its subspaces to overlap, or perhaps employs additional orthogonal 

subspaces of activity specifically to deal with coordinated task responses. 

A common task used to investigate bimanual interactions employs a shared cursor representing 

the mean position of both hands had to be moved from one target to the other (Diedrichsen, 2007; 

Mutha and Sainburg, 2009; Omrani et al., 2013). In this case, both hands must work together to 

complete the task, and perturbation to one hand may be corrected for by behavioural corrections of the 

other hand. The studies that have used this type of task have found that perturbations of one arm elicit 

muscular activity in the unperturbed arm that indicate fast coordination (Mutha and Sainburg, 2009; 

Omrani et al., 2013). 

In the course of collecting data for this thesis, we briefly attempted to apply the Diedrichsen 

paradigm to our monkey model. Unfortunately, a key stipulation of the paradigm is that the subject 

behave in an optimal manner and correct a unimanual perturbation with both hands. In our case, the 

monkey refused to do this, correcting with only the perturbed hand. Future work into bimanual 

coordination will have to employ alternative paradigms that enforce correction by the unperturbed 

hand. 
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