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Monica Fei Liu, PhD

University of Pittsburgh, 2021

Sensory feedback is a vital component of behavior. Oftentimes we use sensory feedback

to learn new motor skills, such as riding a bike. Other times we passively consume sen-

sory information for our own enjoyment or to support cognitive processes such as learning.

We occasionally even move to acquire certain sensory experiences or achieve sensory states.

When sensory feedback is impaired, movement is also impaired. However, deficiencies of

sensory feedback do not necessarily prohibit movement—motor tasks can be accomplished

with limited or noisy sensory feedback, even if slowly and with reduced accuracy. This sug-

gests that there are interactions between sensory modalities as well as interactions between

sensation and movement at every level of the nervous system and raises the question of how

sensory feedback interacts with motor commands along the neuraxis, from the periphery to

the cerebral cortex. Here we studied the neural mechanisms of interactions and integration

between sensation and movement in the periphery, in spinal circuits, and finally in volitional

control of a brain-computer interface using signals extracted from motor cortex. We found

that contact force influences the neural encoding of tactile stimuli in primary afferents, that

spinal circuits encode sterotyped motor output to sensory stimulation, and that sensory

feedback interacts with movement intent in motor cortex. Together, these studies suggest

that sensation and movement are intertwined at every level of the nervous system, and that

sensory signals must be demultiplexed and contextualized in terms of the movements used

to acquire them, and motor commands must take into account the evolving sensory state.
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1.0 Introduction

Consider a person writing with a pen or pencil. In this relatively common task, the

person is using small movements to control the pencil while receiving multiple modalities of

sensory feedback. Tactile feedback provides information on pencil grip and texture, whereas

proprioceptive feedback in their �ngers provides information on the shape and size of the

pencil. Visual feedback provides the writer with feedback on whether they have achieved

their goal. All of these signals combine to produce a sensory state that the writer can use

to continuously control their movement. Understanding the many ways in which di�er-

ent sensory modalities in
uence movement will enable us to build better therapeutics and

technologies to restore movement and sensation to people with paralysis or amputation.

Sensory information in the periphery arrives in cortex in three synapses. Along the way,

sensory feedback is incorporated in pathways in the spinal cord and other brain areas, en-

abling multiple levels of sensorimotor integration from the periphery to cortex. Cortical and

subcortical motor pathways in
uence motor output through direct and indirect projections

to alpha motor neurons in the spinal cord. These motor neurons synapse onto muscle �bers

to enable movement. At each level of sensorimotor processing, sensation needs to be contex-

tualized in terms of the movement used to acquire it, and movement must be contextualized

in the context of the sensory feedback provided.

The goal of this dissertation is to address the codependence of motor action and sensory

feedback signals during motor control and perception. We �rst study peripheral neural

mechanisms of action-dependent tactile coding of object texture by examining how variations

in contact force in
uence neural coding in cutaneous mechanoreceptors of the hand. Then,

we will examine how spinal circuits implement sensorimotor integration through re
exive

motor output in response to sensory input. Finally, we will examine the interactions between

proprioceptive feedback and volitional motor output in motor cortex. We �nd that at each

of these stages, sensation and movement are tightly coupled and need to be demultiplexed

and processed for context and information.
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Figure 1.1: Mechanoreceptors in the skin and muscles detect skin deformation or muscle

stretch, transducing these mechanical events into neural activity. These neural signals arrive

in sensory cortex in three synapses: from the periphery, they enter the spinal cord via the

central projections of primary a�erent neurons, whose cell bodies are located in the dorsal

root ganglia. From there, ascending brances of DRG neurons synapse upon the cuneate

nucleus. As sensory �bers leave the cuneate nucleus, they project contralaterally to thalamus

and cortex via the medial lemniscus pathway.
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1.1 Sensorimotor integration in the periphery

In the periphery, mechanoreceptors in the skin and proprioceptors in the muscles trans-

duce skin deformations and muscle stretch into a neural signal. While sensory and motor

�bers are bundled together in the periphery, they are separated when they arrive at the

dorsal and ventral roots|sensory �bers localize to the DRG, while motor �bers localize to

the ventral roots. This separation of sensory and motor �bers makes the DRG a lucrative

target for electrical stimulation|sensory percepts can be elicited solely through stimulation

of the sensory �bers or movement solely through stimulation of the motor �bers. Since these

neural signals carry information about mechanical deformations in the skin and muscles, one

might expect that the type, direction, and intensity of the deformation in
uences the evoked

neural responses.

1.1.1 Cutaneous Encoding in the Periphery

In human behavior, studies have shown that movement a�ects the perception of cuta-

neous feedback, and that the perception of cutaneous feedback in
uences movement. When

participants were asked to freely move to sample various textures, they sampled smoother

textures with higher speeds [20]. Conversely, when textures were passively scanned over par-

ticipants' �ngers, rougher textures were rated as moving slower [33]. Similarly, tactile stimuli

of larger amplitude or larger contact forces are rated as more intense [134, 20, 93]. Together,

these studies represent the role of movement on human perception of texture. Other stud-

ies have also found that the physiological parameters of the nervous system can in
uence

texture perception. One study showed that the perception of roughness is an inverted U-

curve|textures with either very low granuality or very high granularity are rated as more

smooth because very smooth textures and very rough textures activate peripheral a�erents

with many overlapping receptive �elds [27]. Thus, the perception of texture is in
uenced by

both the movements used to sample the texture as well as the physiological properties of the

nervous system.
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While perception itself is largely cortically-driven, we can examine how peripheral af-

ferents (PAs) in the skin encode tactile feedback across variable surface characteristics and

contact parameters. Textures come into contact with the skin and cause deformations.

These deformations open ion channels of cutaneous nerve endings in the skin, giving rise to

a temporally patterned sequence of action potentials that propagate centrally. Cutaneous

receptors are divided into two broad classes: rapidly-adapting (RA) neurons and slowly-

adapting (SA) neurons. RA neurons respond to the onset and o�set of a contact with a

tactile stimulus and SA neurons respond during the entire duration of a tactile stimulus.

Together, these a�erents convey information about both surface characteristics such as the

roughness, smoothness, and stickiness of a texture, as well as contact parameters such as the

force of contact and speed of contact. Previous studies have found that SA a�erents in gen-

eral respond to contact force and the broad features of textures [15, 13, 178, 14], whereas RA

neurons, and in particular Pacinian corpuscles, respond to vibrations in the skin [10, 15, 59].

These vibration-driven responses suggest that the texture code in peripheral a�erents de-

pends on how tactile stimuli can elicit di�erent vibrations in the skin. This depends not

only on the stimulus itself, but also the biomechanical properties of the skin, down to the

�ngerprints of the person involved [146]. Overall, however, it seems that neurons in the pe-

riphery respond to both the dynamics of contact as well as immutable surface characteristics,

suggesting that at the very entry point into the nervous system, sensation and movement

are already tightly coupled.

1.1.2 Proprioceptive Encoding in the Periphery

Mechanoreceptors in the periphery also detect deformations in muscle and tendon length,

forming the basis for the proprioceptive sense. Proprioception is a combination of the sen-

sation of static body position and \kinaesthetic sense", the sense of motion. Thus, proprio-

ception is very tightly coupled to movement because movement will change body positioning

in space, and de�ciencies in proprioception manifest as \ataxia", or incoordination [154].

Not only does proprioception in
uence movement trajectories, proprioceptive biases can be

introduced depending on the initial state of the arm [1]. Proprioception is further coupled to
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motor learning in that training passive proprioception improves motor learning. In several

studies, subjects who were trained on a joint angle discrimination task before performing a

force �eld adaptation task learned the force �eld adaptation task faster than subjects who

had not undergone perceptual training [29, 117, 184]. Conversely, motor learning has been

shown to improve passive proprioceptive acuity [185] and induce proprioceptive perceptual

shifts [123, 124], even when subjects are simply passively observing movement [11]. Fur-

thermore, in visuomotor adaptation tasks, participants exhibit proprioceptive recalibration

[83]|thus, di�erent sensory modalities are integrated in di�erent ways. This is particularly

evident in object manipulation. Grip force is better regulated with proprioceptive feedback,

because proprioceptors in the �ngers encode object shape and is integrated with cutaneous

feedback of the object's surface properties to enable good control [89]. Additionally, in the

lower limb, proprioceptive feedback directly contributes to the length of di�erent stages of

walking [57, 44, 43, 150, 177, 186]. Finally, degeneration of proprioceptive a�erents in the

periphery results in a sense of disembodiment [25]. Taken together, these studies suggest that

proprioception is intrinsically coupled to movement in the sense that it provides information

on body position and body movement.

Proprioceptive sense primarily arises from Golgi tendon organs and muscle spindles that

detect stretch in muscles and joints. Golgi tendon organs primarily contribute to sensations of

load, such as force and weight. Muscle spindles respond to muscle stretch, taking into account

not only the level of stretch, but also the starting length of the muscle and the speed of the

stretch. Thus, the baseline activity of a muscle spindle can signal general body position, while

the change in muscle spindle �ring can indicate velocity of muscle contraction or relaxation

[137, 77]. Previous studies have shown that vibrating muscles can induce proprioceptive

illusions, and that motor illusions can in
uence proprioceptive sense [6, 28]. Thus, one key

transformation the nervous system must perform is the conversion of muscle and tendon

lengths into an estimate of limb position. Such estimates of individual joint angles and

walking speed can be decoded from proprioceptive neurons in the DRG [176], muscle and

tendon lengths are fairly easily mapped to limb position. From the periphery, proprioceptive

a�erents project into cortex as well as the cerebellum via the dorsal spinocerebellar tract

(DSCT). Many proprioceptive a�erents project into the DSCT, and studies have shown that
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neurons in the DSCT respond to overall limb position and movement rather than muscle

length or stretch [17]. Thus, proprioceptive feedback can be encoded in terms of muscle

and tendon lengths as well as in limb positions and joint angles. Together, this raises the

question of how upstream cortical structures integrate these perspectives of proprioceptive

feedback for motor control and perception.

Whether we are examining cutaneous feedback, proprioceptive feedback, or some combi-

nation of the two, the way we move in
uences the way we sense. Thus, rather than viewing

sensory feedback as a corrective signal or goal signal in motor planning and control, we need

to contextualize sensory feedback with the movements that were used to acquire that sensory

state.

1.2 Sensorimotor Integration in the Spinal Cord

Spinal circuits and subcortical circuits enable fast motor responses to sensory feedback.

These circuits link sensory neurons in the dorsal roots with motor neurons in the ventral

roots either via spinal interneurons or via longer, sub-cortical circuitry through the brainstem

or the thalamus. Many sensorimotor loops couple sensation to movement within and across

multiple levels of the nervous system. Such circuitry is a key component of gait and postural

balance, with sensory input directly driving coordinated muscle responses that allow an

animal to maintain balance and posture.

1.2.1 Spinally-Mediated Re
exive Motor Output

Spinal circuits transform sensory input into motor output via monosynaptic circuits.

Such re
exive motor output produces muscle contractions that occur within 20-50ms of a

sensory input. These short-latency re
exes (SLRs) are implemented via relay neurons in

the spinal cord. One of the most common examples of a spinally-mediated re
exive motor

output is the knee tendon-tap re
ex, where a stretch of the patellar tendon causes a re
exive

knee extension [63, 76, 138]. In the lower limb, these re
exive movements are thought to
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assist in maintaining balance and posture. Such re
exive movement is subconscious and is

a direct example of sensorimotor integration in that sensation can drive stereotyped motor

responses.

Re
exive movements can be generated by cutaneous or proprioceptive input. Studies

have shown that anesthetizing mechanoreceptors in the thumb and �ngers with a local anes-

thetic during a weight-lifting task results in participants perceiving that the task requires

greater e�ort [62]. Furthermore, altering the excitability of motoneurons in the hand can in-


uence the perceived heaviness of objects [5]. Combined, these studies suggest that not only

do re
exes enable sensorimotor integration at the spinal cord, but that the presence of these

re
exes in
uences perception of sensory feedback. Thus, spinal re
exes are already taken

into account when cortex processes sensory feedback, suggesting that any neural technologies

aimed at restoring sensation must take into account the role of such re
exive pathways.

1.2.2 Task-Dependent Re
exive Motor Output

Beyond SLRs, there has also been evidence for long-latency re
exes (LLRs), which occur

on the range of 50-100ms after a sensory stimulus and are thought to involve subcortical

structures [30, 68]. Interestingly, LLRs have been found to be tuned to task-relevant vari-

ables. In one study, participants were asked to maintain the position of a robotic arm and felt

either a perturbation outwards or inwards. Researchers found that the LLR was di�erentially

tuned depending on whether the perturbation was outward or inward. However, the LLR

response was too fast to pass through cortical structures. Thus, the LLR is a sensory-driven

motor output that is not thought to involve cognitive processes [139, 107]. Additionally,

the LLR can not be entirely spinally-driven as spinal circuitry does not appear to be able

to encode di�erent motor responses for the same sensory input [56, 140]. Together, these

�ndings suggest that descending cortical control can prime subcortical circuits to produce

stereotyped motor responses to sensory feedback.

Both short- and long-latency re
exes suggest that sensorimotor integration is not purely

at the level of cortical control. In particular, SLRs suggest that some types of sensory

feedback are so common that the motor output is hardwired into spinal circuitry, and that
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the presence of various SLRs can in
uence sensory perception. LLRs suggest that subcortical

structures integrate sensory feedback into motor output by priming spinal circuitry. Thus,

sensory processing in cortex accounts for spinal re
exes, and cortical structures can in
uence

and prime spinal re
exes to accomplish a motor task.

1.3 Sensorimotor Integration in Cortex

Generating accurate and precise movements requires predicting the sensory outcome of

the movement [115, 70, 183, 35, 58, 181, 105]. Correcting erroneous movements occurs

over time through progressive minimization of sensory prediction errors. As such, noisy

sensory estimates can result in inaccurate movements. Studies have shown that changes

in both sensory and motor cortices occur during sensorimotor integration tasks, and that

primary somatosensory cortex (S1) possesses the ability to drive responses in primary motor

cortex (M1). Furthermore, S1 appears to encode representations of the stimulus during

perceptual decision-making tasks, but sensorimotor and motor areas are implicated as the

neural basis for improved perception when movement is required to indicate the comparison

decision. Taken together, these studies indicate that movement-relevant sensory information

is represented in M1 during sensorimotor integration tasks.

1.3.1 Impact of Sensory Feedback on Motor Cortical Areas

Motor cortical areas have been shown to respond to sensory feedback, including vi-

sual feedback, proprioceptive feedback [162], and tactile feedback [82]. Visually responsive

neurons in M1 respond to observed movement [38, 61, 141] and visual reach targets [165],

whereas M1 neurons that respond to tactile stimuli, but not in a somatotopic way [148]. Pro-

prioceptive feedback, however, drives large changes in M1 activity that are di�erent across

active and passive conditions [163]. Diving further into encoding of task-relevant sensory

cues in M1, studies have shown that changes in both sensory and motor cortices occur dur-

ing sensorimotor integration tasks [50, 122], and that primary somatosensory cortex (S1)
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possesses the ability to drive responses in primary motor cortex (M1) [132]. Furthermore, S1

appears to encode representations of the stimulus during perceptual decision-making tasks

[84, 142], but sensorimotor and motor areas are implicated as the neural basis for improved

perception when movement is required to indicate the comparison decision [84, 109]. Taken

together, these studies indicate that movement-relevant sensory information is represented

in M1 during sensorimotor integration tasks [163]. Similarly, when humans were asked to

perform a thumb vibration frequency discrimination task before performing a thumb ab-

duction task, performance at the task was better and M1 responses to proprioceptive input

changed [143]. These studies suggest that M1 responds to sensory feedback, and does so in

a context-dependent way.

Sensory feedback further shapes motor cortical responses over the course of learning.

In a study where mice were trained to lick upon detection of objects, researchers found

that learned mice had consistent activation of subpopulations of M1 neurons in response to

speci�c sensory stimuli [90]. This suggests that over the course of sensorimotor learning,

subpopulations of M1 neurons become more strongly associated with environmental stimuli.

Brain-wide imaging studies over the course of sensorimotor learning have shown that learning

results in the development of autonomous sensorimotor dynamics that are decoupled from

cognitive control [9]. In more complex tasks where animals are trained to indicate the timing

of a 
ashing visual cue via a motor response, frontal cortex corrects error based on the

predicted timing of the motor command [47]. Thus, motor commands in cortex are used to

generate sensory estimates that are then used for error correction and motor learning results

in greater coupling between sensory systems and motor systems. Across these studies, it is

evident that M1 control of movement 
exibly uses and interacts with sensory feedback.

1.3.2 Role of Sensory Feedback in Models of Motor Control

Many models of motor control focus on the role of sensory feedback as an error correc-

tion signal. These models �rst transform sensory goals into a motor command. Then, the

motor command is used to generate an estimate of the expected sensory feedback (e�erence

copy). Finally, the sensory feedback resulting from the actual movement is compared to
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the estimated sensory feedback from the e�erence copy, and the error is used to correct the

movement or to plan for a corrective movement. Forward models of motor control simulate

the e�ects of a motor command to generate an estimate of sensory state [182]. In contrast,

inverse models identify the movement needed to achieve a certain sensory state [105]. These

models combined can form an internal model|an understanding of the the environmental

changes that will result from a certain motor action [181]. Together, these models indicate

that sensory feedback and estimation are crucial for motor control. Combined with previ-

ous studies that show that sensation and movement are integrated at every level along the

neuraxis, these notions of motor control suggest that in order to build better therapies and

technology to restore movement and sensation, we must develop an understanding of how

cortical control and processing of movement and sensation leverages spinal circuitry and

peripheral sensory encoding.

From the periphery to cortex, across many models of motor control, sensation and move-

ment are tightly integrated, and one cannot be understood without the other. Thus, if we

are to develop novel therapies and technologies that interface with the nervous system at

various levels, we will need to be able to extract and contextualize sensory information in the

context of movement and vice versa. Since it is clear that these two systems interact at every

level of the neuraxis, the goal of this dissertation is to understand how those interactions

in
uence neural coding in the periphery, spinal cord, and cortex.
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1.4 Structure of this Dissertation

I will examine the integrations between sensation and movement at major levels of the

neuraxis. In chapter 2, I will examine how contact force and texture interact to in
uence

the neural coding of tactile stimuli in the periphery. Chapter 3 examines the sensorimotor

circuits in the spinal cord and how these circuits enable stereotyped re
exive motor outputs to

sensory inputs. Chapter 4 will examine how movement intent interacts with sensory feedback

in motor cortex during brain-computer interface control. I conclude the dissertation with an

examination of how these studies �t into the existing literature and the future experiments

that could be done in Chapter 5.
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2.0 Information About Contact Force and Surface Texture is Mixed in the

Firing Rates of Cutaneous A�erent Neurons

This work was published inLiu MF , Batista, AP, Bensmaia, SJ, Weber DJ. \Information

about contact force and surface texture is mixed in the �ring rates of cutaneous a�erent

neurons", Journal of Neurophysiology, 125(2):496-508, 2021. doi:10.1152/jn.00725.2019

Cutaneous mechanoreceptors in our hands gather information about the objects we handle.

Tactile �bers encode mixed information about contact events and object properties. Neural

coding in tactile a�erents is typically studied by varying a single aspect of tactile stimuli,

avoiding the confounds of real-world haptic interactions. We instead record responses of

small populations of DRG neurons to variable tactile stimuli and �nd that neurons primarily

respond to force, though some texture information can be detected.

2.1 Abstract

Tactile nerve �bers convey information about many features of haptic interactions, in-

cluding the force and speed of contact, as well as the texture and shape of the objects being

handled. How we perceive these object features is relatively una�ected by the forces and

movements we use when interacting with the object. Since signals related to contact events

and object properties are mixed in the responses of tactile �bers, our ability to disentangle

these di�erent components of our tactile experience implies that they are demultiplexed as

they propagate along the neuraxis. To understand how texture and contact mechanics are

encoded together by tactile �bers, we studied the activity of multiple neurons recorded si-

multaneously in the cervical dorsal root ganglia (DRG) of two anesthetized Rhesus monkeys

while textured surfaces were applied to the glabrous skin of the �ngers and palm using a

handheld probe. A transducer at the tip of the textured probe measured contact forces as

tactile stimuli were applied at di�erent locations on the �nger-pads and palm. We examined
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how a sample population of DRG neurons encode force and texture and found that �ring

rates of individual neurons are modulated by both force and texture. In particular, slowly-

adapting (SA) neurons were more responsive to force than texture, and rapidly-adapting

(RA) neurons were more responsive to texture than force. While force could be decoded

accurately throughout the entire contact interval, texture signals were most salient during

onset and o�set phases of the contact interval.

2.2 Introduction

Tactile nerve �bers that innervate the glabrous skin on the palmar surface of the hand

encode information about object interactions, such as the location of contacts with the object

and the force exerted at each point of contact. The a�erent �bers from these mechanore-

ceptors (\tactile a�erents") also carry information about the objects themselves{their size,

shape, and texture. These signals are necessary not only for identifying objects but also

for dexterous manipulation [98, 157] as evidenced by the impairments that result from the

loss of tactile sensation [7, 22, 31, 37, 168]. Information about contact events and objects

is mixed in the responses of nerve �bers and is extracted by downstream structures to give

rise to interpretable tactile percepts.

Primary tactile a�erents (PA) comprise two distinct classes{rapidly-adapting (RA) and

slowly-adapting (SA) neurons that respond di�erently to aspects of a tactile stimulus [101].

Studies of neural coding in the nerve have typically varied only a single aspect of the sensory

stimulus, whether it be force, speed, or texture [12, 13, 27, 72, 121, 133, 134, 178]. The

overarching theme of these studies is that primary a�erents (PAs) encode di�erent stimulus

features in distinct yet overlapping ways: scanning speed [33, 46] and contact force are

encoded primarily in �ring rates [12, 13, 121, 134, 178], whereas texture is encoded in the

spatial distribution of the activated �bers [27, 72, 100, 133, 175], and in precisely-timed

spiking sequences [114]. When multiple aspects of tactile stimuli vary at the same time,

these di�erent neural codes allow for information to be multiplexed in the responses of single

neurons and populations of neurons. For example, the strength and frequency composition
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of vibratory stimuli are encoded in �ring rates and temporal patterning respectively [81].

Sometimes, the same neural code can carry information about multiple aspects of a tactile

stimulus. For example, shear force direction and object curvatures are encoded in the latency

of the �rst action potential in a sensory response [71, 99].

The objective of the present study was to further investigate the multiplexing of tactile

information in the spiking activity of simultaneously recorded RA and SA a�erent neurons.

To this end, we varied the scanning speed, contact force, and texture of the stimuli applied

to the skin and assessed whether we could decode the force and the texture from the spiking

activity of PA neurons recorded simultaneously with penetrating microelectrode arrays in

the cervical dorsal root ganglia (DRG) of anesthetized Rhesus monkeys [159, 173]. Sensory

nerves from the arm converge at the DRG, which provides a focal point for accessing these

signals The DRG o�ers the additional advantage that, while the peripheral nerve includes

both motor and sensory nerve �bers, the DRG contains only sensory neurons. In the present

study, we examine how di�erent aspects of a tactile event are encoded in the responses of a

population of DRG neurons. Speci�cally, we record the activity evoked in tactile a�erents

when we manually apply textured surfaces to the skin at di�erent speeds and contact forces.

We then assess the degree to which we can read out information about time-varying contact

force and about texture from these neural signals.

2.3 Methods

Two adult male Rhesus monkeys (Macaca mulatta) (monkey M, 14 years old; monkey

B, 10 years old) were used in this study. All procedures were approved by the University

of Pittsburgh Institutional Animal Care and Use Committee (IACUC) and are in keeping

with the guidelines of the National Institutes of Health for the care and use of laboratory

animals.
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Figure 2.1: Experimental setup (A) Three 4x8-electrode Blackrock arrays (photograph) were

implanted into the C6, C7, and C8 DRG of monkey M, and four 8-contact Modular Bionics

probes (not pictured) were implanted in the C7 and C8 DRG of monkey B. (B) Seven textures

were used as tactile stimuli: three natural textures (sandpaper, cotton, and silicone) and four

synthetic textures (evenly spaced raised dots). The colored dots next to the name of each

texture is the color that will be used to represent that texture in all of the �gures. (C)

Each texture was attached to a force probe containing motion tracking markers and a force

transducer. The force probe was brushed over di�erent regions of the �nger-pads and palm

while neural responses were recorded.
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2.3.1 Surgery

Experiments were conducted under general anesthesia. Anesthesia was induced with

ketamine and maintained with iso
urane for the duration of the surgery. With the monkey

lying in a prone position and head elevated, laminectomies on C6, C7, and C8 were done to

expose the spinal cord, spinal nerve roots and dorsal root ganglia in the caudal cervical spine

on the right side. Three 4x8 penetrating microelectrode Blackrock \Utah" arrays (Blackrock

Microsystems, Salt Lake City, UT) were implanted into the C6, C7, and C8 DRG in monkey

M, and two Modular Bionics probes (Modular Bionics Inc., Berkeley, CA) were implanted

into the C7 and C8 DRGs of monkey B (Figure 2.1A). Each Modular Bionics probe consisted

of four separate shanks with eight electrodes on each shank. The animals used in this study

had reached the end of their participation in other research projects, so this was a terminal

procedure. We studied anesthetized monkeys because to our knowledge, no system currently

exists to perform chronic multi-electrode recordings of individual-neuron action potentials

from the dorsal root ganglia of awake and behaving Rhesus monkeys.

2.3.2 Neural Recordings

Neural recordings were conducted with a Ripple Grapevine Neural Interface Processor

(Ripple Neuron, Salt Lake City, UT) and recorded continuously at 30kHz. The raw neural

signals were bandpass �ltered at 250-7500 Hz and candidate action potentials were saved

for o�ine sorting by setting a threshold at four times the root-mean-square (RMS) value of

the baseline activity on each channel. Individual neural waveforms from well-isolated units

were detected using O�ine Sorter software (Plexon, Inc., Dallas, TX). Raw spike times were

aligned with force traces for analysis.

2.3.3 Force and Velocity Measurements

Force signals were recorded as analog inputs (30kHz) on the Grapevine system so that

they were synchronized to neural events and low-pass �ltered with a cuto� frequency of

150Hz. The magnitude of the forces parallel with the skin were combined into a scalar shear
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force measurement. The motion of the force probe was measured with an optical motion cap-

ture system at 120Hz (V120:Trio, NaturalPoint, Inc., Corvallis, OR), synchronized digitally

with the Grapevine system.

2.3.4 Unit Identi�cation

Receptive �elds (RFs) of units across the arrays were mapped via manual palpation of

various regions of the animal's arm and hand. Each tactile a�erent was labeled as rapidly-

adapting (RA) or slowly-adapting (SA) based on its response to brushes and indentations

with a cotton swab during the experiment [156]. These labels were additionally veri�ed using

the �ring rate pro�les of the trial-averaged neural activity. Units that responded to joint

motion movement of the joints but not tactile stimulation were labeled as proprioceptive

units and not considered further.

2.3.5 Stimuli

After units had been mapped, a cutaneous region with the highest density of mapped

receptive �elds was selected as the target for tactile stimulation (Figure 2.2A, B). A force

transducer was attached to a handheld probe with a magnetic attachment for di�erent tex-

tured surfaces (Figure 2.1B). Natural textures (silicone, cotton, sandpaper) were attached

to a 3D-printed half cylinder. Synthetic surfaces were also used. They were 3D-printed

half cylinders with a series of evenly spaced raised dots (diameter = 0.75 mm, height = 1

mm, spacing = 2, 3, and 4 mm). Five textures were used in monkey M (silicone, cotton,

sandpaper, 2 and 4mm spaced dots), and seven textures were used in monkey B (silicone,

cotton, sandpaper, no dots, 2, 3, and 4mm spaced dots). To perform the experiment, a

region of the glabrous skin containing the receptive �eld of many of the units across the

electrode arrays was identi�ed{the hypothenar pad for monkey M and the fourth digit for

monkey B (region indicated by the dashed red box in Figure 2.2A, B). The force transducer

with attached texture was brushed by the experimenter back and forth over this region of

the skin at one-second intervals with varying force. The application of each texture was

recorded continuously in two blocks, with 25 to 35 trials of contact with a texture per block,
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Figure 2.2: Receptive �elds of individual units were identi�ed through manual palpation of

the monkey's arm and hand. Unit identi�cation for the hand regions in (A) monkey M and

(B) monkey B. The dashed red boxes indicate the location of where the tactile stimuli were

applied. (C) Rasters and force traces for 60 applications of each of three textures in monkey

M and (D) 50 applications for monkey B. Time = 0 is the peak of the normal force.
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each approximately one second in duration. Force traces were segmented into individual

trials for each contact and temporally aligned on the peak normal force (Figure 2.2C, D).

Sixty trials for each texture were segmented in the hypothenar pad of monkey M, and �fty

trials per texture were segmented in monkey B for data analysis.

2.3.6 Rate-Based Encoding of Force

Each trial consisted of a sweep of a texture across the hand (Figure 2.4B, C). Instan-

taneous �ring rates were estimated by binning spikes into 10ms bins and smoothing with a

Gaussian kernel with a width of 20ms (Figure 2.4A). Linear regression models were used to

estimate the relationship between contact force and �ring rate for both individual neurons

and the population of neurons in the recordings. We created these regression models by �t-

ting a linear relationship between neural activity and force using the equationF = �N + � ,

whereF is a matrix of the normal and shear force at each time point, with one column per

time point, and N is a matrix of neural �ring rates at each time point (one column per time

point). The model was �tted by estimating a matrix of coe�cients � (two coe�cients per

neuron: one for shear force and one for normal force), and constants� (one for shear force

and one for normal force). To test the generalizability of a linear model for force across

textures, a leave-one-texture-out approach was used. In this approach, the linear model was

�tted to the �ring rates and forces of all trials for all textures except one, then tested by using

the �ring rates from the held-out texture to predict the corresponding force. Comparisons

were made to evaluate how well this predicted force matched the actual force.

2.3.7 Rate-Based Encoding of Texture

We used a classi�cation procedure to quantify how much information about texture was

present in neural activity. We were speci�cally interested in signals carried by individual

neurons, by all neurons, and by neurons of each submodality (SA vs. RA). To measure

the texture information in neural activity, we built multinomial logistic regression models

(B•ohning, 1992) to model the relationship between neural activity and texture, then used

these models to predict texture from neural activity for each type of neural signal. The higher
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the model's accuracy, the more texture information is present in the neural activity. To

build these models, neuronal responses were binned into 10 ms bins. Each model performed

a classi�cation at each time bin to assess the evolution of the texture signal over time.

To train the model, the vector of neural activity across the population (or, for individual

neurons, the scalar �ring rate) was labeled with the corresponding texture and the model

parameters were �t by �nding the parameter values that would best reconstruct the texture

labels. A leave-one-out cross-validation scheme was used, so that the classi�ers were trained

on all but one trial for each texture, then tested on the set of held-out trials. To test the

decoding accuracy of the model, we classi�ed texture from the neural activity on the held-

out trials. The logistic regression models approximated the probability distribution across

all textures from neural activity at each 10 ms time bin. The accuracy of the decoder, and

thus the strength of the texture information present in the neural signal, was reported as

the model's probability assigned to the true texture given the observed �ring rates. These

decoder accuracies are shown in Figure 2.6.

2.3.8 Contact-Phase Variations in Texture Encoding

The normal and shear force pro�les were segmented into three 50 ms epochs, representing

sequential phases of the contact event corresponding to the onset, peak, and o�set of the

normal or shear force. The middle of the onset epoch was found by �nding the time of

the maximum rate of increase in force (i.e. maximum of the �rst derivative of the force

with respect to time). Similarly, the middle of the o�set epoch was identi�ed as the time

of maximum rate of decrease in force, and the peak was identi�ed as the time at which the

derivative of force with respect to time was zero. Average �ring rates were measured in each

50 ms epoch. A logistic regression classi�er was trained on each epoch separately to measure

texture information encoded in the average �ring rates in each epoch. To demultiplex force

and texture, a logistic regression was then trained on the onset and o�set epochs combined.

These classi�ers were trained with the same leave-one-set-out approach as described in the

previous section.

20



2.3.9 Temporal Encoding of Texture

To assess the degree to which PAs covaried in their responses, we computed the cross-

correlation functions for pairwise combinations of the instantaneous �ring rates for every

pair or neurons across two textures (synthetic 2 and synthetic 4). To mitigate the e�ects

of variations in contact force on the texture-speci�c response of neurons and thus highlight

the temporal pattern, we computed cross-correlations on a set of force-matched trials. To

establish the role of temporal patterning across neurons in texture encoding, we repeated

the classi�cation analysis, but this time based not only on �ring rates but also joint �ring

rates for every pairwise combination of neurons. The joint �ring rate is the product of the

instantaneous �ring rates of a pair of neurons in each 10-ms bin, which emphasizes responses

that covary. As a control for the contribution of timing, we repeated the classi�cation

analysis after shu�ing the time bins on each trial. We reasoned that if information about

texture was present in the joint activity of neurons, then by including pairwise correlations

as an additional neural signal, classi�cation accuracy should improve.

2.4 Results

We recorded simultaneously from small groups of primary a�erent neurons in the DRG

of two anesthetized Rhesus monkeys. In monkey M, 55 neurons were identi�ed across the

three arrays. In monkey B, 18 cutaneous neurons with receptive �elds (RFs) on the palmar

surface of the hand were identi�ed. Although we did not thoroughly explore units with RFs

in other parts of the limb in monkey B, we found approximately 12 additional units that

were proprioceptive or were cutaneous with RFs on the arm.

We limited delivery of the tactile stimuli to the receptive �eld locations of well-isolated

units (Figure 2.3, 0% of interspike intervals< 1ms) on the glabrous skin of the hand. Our

analysis focused on eight neurons in monkey M that innervated the palm, and nine neurons

in monkey B that innervated the fourth �nger. Five of the eight neurons in monkey M

were classi�ed as RA, and the other three were classi�ed as SA. Five out of nine neurons in
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monkey B were determined to be RA, and the remaining four were SA. Textured surfaces

were brushed across the hypothenar eminence of monkey M and the fourth �nger (D4) of

monkey B (Figure 2.2A, B). The normal and shear forces measured during application of

the tactile stimulus as well as the responses of each neuron are shown for a subset of the

textures in Figure 2.2C and D.

2.4.1 Interactive E�ects of Force and Texture

We �rst examined how the skin responded to our stimuli. Over the course of a tactile

stimulus, skin deformations re
ect both contact force and texture, and these stimulus fea-

tures are unlikely to be independent. We determined if di�erences in texture in
uence the

relationship between shear and normal force. To do this, we examined how the covariation

between shear and normal forces varied with the texture. The average force traces for two

textures, synthetic 4 and sandpaper, are shown in Figure 2.4A and B. The normal forces

were similar for di�erent textures (top) but the shear forces (bottom) were more texture-

dependent. This phenomenon was observed across all textures (Figure 2.4C, D). As might

be expected, smoother textures such as synthetic smooth and synthetic 2 exhibited smaller

shear forces than rougher textures such as sandpaper. Importantly, the fact that shear force

depends on both normal force and texture creates a challenge for the nervous system to

separately encode these aspects of tactile stimuli.

2.4.2 Force Encoding

Figure 2.5 shows the trial-averaged �ring rates of a representative RA and SA neuron to

two textures (Figure 2.5A), as well as trial-averaged normal (Figure 2.5B) and shear force

(Figure 2.5C) pro�les. Comparing the forces on the skin elicited by two textures (synthetic

4 and sandpaper), normal force is more similar than shear force. The peak normal force

di�ers by 7% between synthetic 4 higher and sandpaper, but peak shear force for synthetic

4 is 18% lower than the peak shear force for sandpaper. Examining neural responses, peak

SA activity was 50% greater for synthetic 4 than sandpaper, but peak RA activity was more

similar between the two textures (12% greater for synthetic 4 than sandpaper). Furthermore,
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Figure 2.3: Spike sorting metrics. ISI distributions for each monkey are shown on the left.

No unit in either monkey had an ISI of< 1ms. Below the ISI histograms are the waveforms

for each neuron. Units were sorted by clustering in the �rst two principal components of

each waveform. Waveforms and spike times for each unit on each electrode were compared

to ensure that units from di�erent electrodes do not �re in similar patterns, as this indicates

that the same unit may be present across several electrodes. This was more of a concern

with the modular bionics probes used for monkey B than for the Blackrock utah arrays used

for monkey M.
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Figure 2.4: Normal and shear forces vary with texture. Normal and shear force of the skin for

two textures in (A) monkey M and (B) monkey B. The relationship between the normal force

(measured at its peak) and shear force depends on texture. (C) shows all such relationships

for each texture for monkey M and (D) is for monkey B.
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the SA neuron responds over the entire duration of stimulus application (Figure 2.5A, top),

reaching its peak within 10ms of the normal force. In contrast, the RA neuron responds

maximally 70-100ms ms after the peak normal force, which coincides with the time interval

during which the normal and shear forces are decreasing (Figure 2.5A, bottom). Taken

together, these results show that neurons respond to variations in force and textures in

di�erent ways, and that SA and RA neurons respond during di�erent phases of the contact

interval.

A function achieved by touch receptors is to accurately relay information about object

properties such as texture despite variability in contact forces. To understand how this

might be achieved, we began by assessing the degree to which these neuronal populations

conveyed information about applied force. Since texture in
uences the relationship between

normal and shear force, we determined whether the relationship between contact force and

�ring rate generalized across textures. To do so, we �tted a linear model to the forces and

�ring rates of all textures except for one, then used this model to decode normal and shear

force from neural activity on the held-out texture. Force traces decoded from the entire

population of neurons for two textures are shown in Figure 2.6A and B. Overall, the neural

population provided better force predictions (monkey M adjustedR2 for normal force =

0.35, shear = 0.47; monkey B adjustedR2 for normal force = 0.67, shear = 0.69) than did

single neurons (median adjustedR2 for both monkeys for normal and shear force = 0.2),

suggesting that the population �ring rate of neurons encodes force magnitude, as has been

shown previously [12, 13, 134, 178]. Interestingly, while the neural population provided for

accurate predictions of the normal and shear forces during the onset and o�set of contact, the

model systematically underestimated peak force. One explanation for this is that the model

is biased towards lower forces because the peak force tends to be more variable across trials

and account for only a small fraction of the trial duration, while force levels during onset

and o�set of the tactile stimuli are lower in magnitude but are a larger fraction of the trial

duration. Since lower force levels are more frequent in the data and force levels are more

variable at peak, the model is more likely to underestimate the actual force, particularly

when the neural activity is also encoding other aspects of the tactile stimulus. An alternate

explanation is that RA a�erents exhibit their peak �ring rate during the onset and o�set of
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Figure 2.5: Firing rate during stimulus contact. (A) The responses of a representative SA

neuron (top) and RA neuron (bottom) from monkey B. (B) Trial-averaged normal and (C)

shear force for the two textures, sandpaper and synthetic 4. The vertical dashed line at Time

= 0 indicates the peak of the normal force.
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the stimulus, resulting in underestimation of force at the peak and slight overestimates of

force during stimulus onset (Figure 2.6A, B). Regardless, a population �ring rate code for

both normal and shear force generalized well across textures (Figure 2.6C).

We further compared the relative contributions of SA and RA neurons in predicting

contact-force from the ensemble �ring rates of neurons grouped by submodality. Within the

sample of neurons in each monkey, SAs outperformed RAs at decoding the time-varying

normal and shear forces (p< 0.001, Mann-Whitney U-test with Bonferroni correction).

Moreover, force decoding accuracy for SA neurons (monkey M adjustedR2 for normal force

= 0.32, shear = 0.44; monkey B normal = 0.67, shear = 0.68), but not RA neurons (monkey

M adjusted R2 for normal force = 0.10, shear = 0.10; monkey B normal = 0.44, shear =

0.45), was as good as the entire population of neurons (average di�erence between adjusted

R2 for SA neurons only and all neurons for both forces = 0.01� 0.01, between RA and all

= 0.27� 0.05). Note that while the force decoding accuracy of neurons in monkey M was

lower than in monkey B, monkey M had a lower proportion of SA neurons (3 out of 8) than

monkey B (4 out of 9). Taken together, these results suggest that SA a�erents encode more

force information than RA a�erents.

2.4.3 Texture Encoding

Next, we examined the degree to which neuronal responses carry information about

texture across time-varying levels of contact force. To this end, we trained a multinomial

logistic regression classi�er to identify the applied texture from the instantaneous �ring rate

at each time point over the contact interval. For this analysis, we restricted the texture

classi�cation to the set of �ve textures (synthetic 2, synthetic 4, sandpaper, cotton, silicone)

that was used in both monkeys.

The 5-class texture classi�cation accuracy of the population instantaneous �ring rate at

each time point over the contact interval are shown in Figure 2.6A and B. Instantaneous clas-

si�cation accuracies begin at chance level at the start of contact and increase to peak levels

(all neurons, monkey M = 0.25; monkey B = 0.37; chance = 0.2) before and after the mid-

point of the stimulus delivery window, which corresponds to the peak in normal force. As the
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Figure 2.6: Estimating forces from neural activity. Actual force traces compared to forces

estimated using a linear model for (A) synthetic 4 and (B) sandpaper from all neurons (5

RA, 4 SA) in monkey B. (C) Estimates of normal (top) and shear (bottom) force from neural

activity. Four estimations were performed, using di�erent neural signals: individual neurons

(yellow dots), all RA neurons, all SA neurons, and all neurons together.
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contact interval ends, texture classi�cation accuracies return to chance levels. Additionally,

while SA a�erents appeared to provide the dominant contribution to force encoding (Fig-

ure 2.5C), RA a�erents provided the strongest contribution to texture-classi�cation (peak

accuracy for monkey M = 0.23 (RA-only), 0.24 (all); monkey B = 0.32 (RA-only), 0.37

(all)).

Since shear force varies across textures (Figure 2.4), and neurons encode shear force

through population �ring rates (Figure 2.6), correlations between contact force and neural

activity may be su�cient to explain the time-varying texture-classi�cation pro�les shown

in Figure 2.7A and B. To determine if this was the case, we attempted to classify the �ve

textures based on the ratio of shear to normal force, which yielded a texture-classi�cation

accuracy of 0.24 for both monkeys (versus neural accuracy of 0.25 for monkey M, 0.37 for

monkey B). The similarity in texture classi�cation accuracy between contact force and neural

activity suggest that force signals may dominate the neural response across the range of forces

and textures represented in these data. This indicates that the texture-speci�c information

conveyed by this small population of neurons was relatively weak and likely confounded by

variations in force.

Another possibility as to why neurons in our population encode contact force across

textures but not texture across variable forces is that neurons receive texture information

entirely through normal and shear forces on the skin. If this is the case, then we would expect

that neural activity would fail to discriminate between textures when force conditions are

matched. Conversely, if texture discrimination accuracy in the force-matched condition is

above chance, then we can conclude that the neural signals convey information for identifying

textures.

To test these possibilities, we analyzed the responses evoked by two textures for which

the normal and shear force relationship was similar. The following pairs of textures were

selected based on the high degree of overlap exhibited in the relationship between normal and

shear force shown in Figure 2.4C and D: synthetic 4 and cotton in monkey M, and synthetic

2 and silicone in monkey B. Using these paired textures, we �rst trained a binomial logistic

regression classi�er to predict texture using the relationship between shear and normal force

(as described above). This established a baseline of how much texture information could
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be extracted if neurons were purely encoding normal force and shear force. This baseline

accuracy is represented by the red dotted line in Figure 2.7B (monkey M = 0.47, monkey

B = 0.6). If texture classi�cation with neural activity exceeds this baseline accuracy, then

neurons encode texture information separately from force information. Thus, we trained a

binary logistic regression classi�er to classify the texture from the �ring rates of all neurons,

RA neurons only, and SA neurons only. With force-matching, binomial texture classi�cation

accuracy improved (monkey M peak accuracy = 0.63, baseline = 0.47; monkey B = 0.88,

baseline = 0.6), suggesting that neural responses carry a texture signal that is independent of

normal and shear force signals (Figure 2.7B). Interestingly, the peak in texture-classi�cation

accuracy for RA neurons (peak accuracy: monkey M = 0.6; monkey B = 0.78) occurred

during the o�set phase of the contact-interval (Figure 2.7B: monkey M = 0.07s and monkey

B = 0.06s after peak normal force), whereas the peak in classi�cation accuracy for SA neurons

(monkey M = 0.56; monkey B = 0.7) occurred during the the onset phase of the normal

force (0.04s before peak normal force for both monkeys). Taken together, these results show

that texture-speci�c signals can be isolated when contact forces are similar, and that RA

and SA neurons encode texture information at di�erent timepoints over the duration of the

contact interval.

2.4.4 Decoding Texture Across Variable Forces

Although the texture signals are confounded by variations in contact force, the strongest

texture signals appear during the rising and falling phases of the contact force (Figure 2.7),

which may represent particularly opportune time intervals for extracting texture signals,

demultiplexing them from force signals.

Given that the texture signal is strongly confounded by force, we next attempted to

identify whether texture information could be demultiplexed from the �ring rates of the

small sample of neurons at all. Based on the peaks in texture classi�cation accuracy for RA

and SA neurons in Figure 2.7C and D, we examined whether we could discriminate texture

across variable normal and shear forces by focusing on speci�c phases of the contact interval.

To do so, we computed the average �ring rate in 50ms windows centered on the onset, peak,
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and o�set of the shear and normal forces. Using a logistic regression classi�er, we predicted

texture from the average �ring rate in each of these epochs for the same �ve textures used

in the previous section. We found that the �ring rates of both individual neurons and the

entire population of neurons during the o�set times of shear force were signi�cantly more

informative about texture than were the responses during peak force application (mixed

ANOVA with Tukey multiple comparisons post-hoc test, p = 0.001), but this relationship

was not observed when response epochs were identi�ed from the onset, peak, and o�set of

the normal force (Figure 2.8A, B). Based on these �ndings, we attempted to classify texture

using the neural activity during onset and o�set of the shear force. This resulted in better

texture classi�cation accuracy (monkey M RA = 0.5, SA = 0.32, all = 0.32; monkey B RA =

0.57, SA = 0.73, all = 0.83; chance = 0.2), even across all textures and forces (Figure 2.8C,

D). Thus, for this small set of neurons, signals at force onset and o�set are more informative

about texture than are those at peak force.

2.4.5 Temporal Encoding of Texture

As temporal spiking patterns in tactile nerve �bers{on the order of milliseconds{have

been shown to carry information about texture [175], we assessed whether we could improve

texture classi�cation performance by taking spike timing into account. In particular, we

assessed spike timing codes that involve the joint �ring of pairs of neurons.

First, we examined whether neuronal responses under our stimulus conditions exhib-

ited temporal patterning, as had been previously shown under tightly controlled stimulus

presentations [27, 59, 114, 175]. To do so, we computed the cross-correlation between the

(time-varying) responses of pairs of neurons to each of two textures. For this analysis, we

used two periodic textures, synthetic 2 (2 mm spaced dots) and synthetic 4 (4 mm spaced

dots), because these are likely to evoke easily discernible periodic responses. We found that

for both SA and RA neurons, the cross-correlation exhibited a peak at zero lags (Figure

2.9A-C). Note that the periodicity of the textures is not observed in the cross-correlations

presumably because the scanning speed was not constant over the trial. Nonetheless, the

results suggest that neural responses covaried in time with neighboring neurons.
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Figure 2.7: Texture decoding from neural activity. (A) Average texture classi�cation ac-

curacy over time for RA, SA, and all neurons across �ve textures for monkey M (left) and

monkey B (right). All trials were used, and thus a wide range of contact forces. (B) Texture

decoding for two textures that have similar normal and shear force pro�les for monkey M

(left) and monkey B (right). Time = 0 is the peak of the normal force. The dashed red lines

represent the baseline texture classi�cation accuracy using only the relationship between the

shear and normal force.
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Next, we assessed whether this temporal patterning contained texture information and

could thus be used to improve texture classi�cation performance. To do so, we computed a

joint �ring rate for each pair of neurons by taking the product of their �ring rates in 10 ms

bins over each trial. Joint �ring rates amplify coincident neural activity and thus enhance

any temporal patterning in the response that is common across neurons. As expected from

the cross-correlation analysis, we found that including joint �ring rates in the classi�cation

analysis improved performance compared to when only individual-neuron �ring rates were

used (62% vs 51% for monkey M and and 93% vs. 72% for monkey B) (Figure 2.9D,

E). Thus, temporal patterning across neurons contains information that can contribute to

texture identi�cation, even under stimulation conditions that vary.

2.5 Discussion

During everyday manual interactions with objects, exploratory parameters{contact force,

location, and scanning speed{vary constantly. Despite changes in these parameters, we can

still extract the stable features of the objects we interact with{their shape, size, texture, and

weight. How is it that information about object features can be extracted independently

from information about contact mechanics? To help understand this remarkable processing,

we examined how small populations of cutaneous a�erent neurons encode contact parameters

and object features. Speci�cally, we asked whether contact force and surface textures can

be extracted from the activity of a small population of DRG neurons when the contact force

and contact speed varied.

2.5.1 Force Encoding

While shear force was more dependent on variations in texture than was the normal

force, both could be decoded accurately from population neuronal �ring rates of peripheral

a�erents (PAs) using a simple linear regression model (Figure 2.6). The monotonic relation-

ship between force and �ring rate is consistent with previous studies, showing that �ring
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rate increases systematically with indentation depth [20, 93, 134] and, more generally, with

stimulus amplitude, regardless of the stimulus type (sinusoidal vibrations, mechanical noise,

etc.) [121]. Previous studies have shown that RA neurons are more sensitive to transient

changes in contact force, whereas SA neurons, at a �rst approximation, track time-varying

force levels [13, 178] as well as the direction of shear forces [14]. In agreement with these

studies, we found that SA neurons were better predictors of both normal and shear force,

but the time-varying force could be reconstructed fairly accurately from the combined �ring

rates of RA and SA neurons.

2.5.2 Texture Encoding

The large neural signal of force suggests that when object-contact forces are varying, ex-

tracting texture information from the instantaneous �ring rate of neurons is di�cult. Other

studies have shown that spike timing carries important information about the vibrations in

the skin elicited by surface characteristics of a stimulus [81, 114]. We found some evidence

that temporal patterning in terms of synchronicity between pairs of neurons contained infor-

mation about texture (Figure 2.9). However, the role of temporal codes in texture encoding

needs to be further studied because temporal patterning in our small population of neurons

can be obscured by 
uctuations in speed and temporal variations in the region of the tac-

tile stimuli contacting the skin. Additionally, these variations are more easily accounted for

in large populations of neurons where many of the neurons exhibit similar texture-speci�c

temporal responses. Therefore, perhaps in part as a result of a small number of neurons and

the temporal information in our recordings, our ability to decode texture-speci�c features

from the neuronal signals was relatively poor. Such variations in force, scanning speed, and

texture are also present during naturally-occurring object manipulations. Nonetheless, we

were able to decode texture when normal and shear forces were matched across textures,

indicating that PAs do convey information about texture. Previous studies have shown that

RAs encode detailed texture information [10, 15, 59] while SAs encode courses stimulus fea-

tures [15]. Our results agreed with these studies, with RAs encoding texture information

at the onset and o�set of the contact interval, while SAs encode texture information best

34



at the peak of the contact force (Figure 2.8). However, this information is confounded by

force. Texture signals were strongest during shear force transients, consistent with studies

showing that people increase the shear forces they apply to objects during tactile exploration

[20]. Similarly, studies in rodent whisking have found that mechanoreceptors also respond

strongly to shear deformations, and that information about object properties is most salient

in small temporal windows around object contact [19, 151]. Thus, shear force modulation

appears to be a crucial aspect of tactile perception. More speci�cally, previous studies have

shown that mechanical deformations resulting from vibratory stimuli propagate throughout

the skin in object-speci�c ways [152]. Combined, these studies suggest that the interaction

between shear forces and texture deforms the skin by inducing vibrations that depend upon

contact mechanics, object surface characteristics, and the mechanical properties of skin [32].

Since cutaneous RA a�erents have been shown to respond primarily to vibratory stimuli

[60, 97, 167], and transient, impulse-like stimuli best enable vibrations to propagate through

the skin without damping, it is perhaps unsurprising that texture discrimination is best at

transients of shear force. Given the small number of neurons and variable nature of the

tactile stimuli in the experiments presented here, however, the responses of RA a�erents to

transients in shear force warrants further study.

In general, while texture classi�cation accuracy in our study was far below human per-

formance levels [116], the results reported here were obtained with only a small sample of

neurons. We presume that performance would increase substantially with larger numbers of

neurons. While taking temporal patterns in the spiking response that were common across

neurons improved texture classi�cation, we anticipate that the boost in performance would

be enhanced when temporal patterns are shared across a larger PA population.

2.6 Conclusion

Across all sensory modalities, the nervous system faces the challenge of extracting infor-

mation from a highly variable, multi-factored stimulus. In the skin, populations of peripheral

a�erents (PAs) combine information about exploratory parameters and about various fea-
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tures of contacted objects. This mixing occurs at the single-cell level, as the responses of

most PAs depend on both texture and force information. Here we showed that force informa-

tion can be extracted reliably from the responses of a small population of PAs, and that SA

�bers are more informative about force than are RA �bers. In contrast, information about

texture occupies a high-dimensional perceptual space [111] and could not be determined un-

ambiguously from the responses of our small population of PAs when force is also varying.

Our results suggest that texture signals are most prominent when shear force is changing,

perhaps due to the increased RA response during these epochs, and are carried in part in

temporal spiking patterns common across neurons. We propose that demultiplexing texture

signals from contact mechanics requires the implementation of sophisticated computations

[112] on the responses of a larger population of nerve �bers. Whatever the mechanism for

extracting texture information in the face of real-world changing forces might be, the present

results highlight the challenge the nervous system faces in extracting texture signals in the

somatosensory nerves during natural texture exploration.
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Figure 2.8: Texture classi�cation from neural response epochs. Texture classi�cation accu-

racy using neural activity in a 50ms window around the onset only, peak only, o�set only,

or onset and o�set of (A) normal force and (B) shear force by a�erent type. (C) Confusion

matrices for texture classi�cation using average �ring rates in 50ms windows centered around

the onset and o�set of shear force across the entire range of forces and �ve textures.
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Figure 2.9: Temporal patterning of neural responses. Example cross-correlation of neural

responses to a set of force-matched trials for two textures between (A) two SA neurons, (B)

two RA neurons, and (C) a RA and a SA neuron. This shows that pairs of neurons are

correlated, and that correlation depends on texture. Texture decoding using all pairwise

joint �ring rates, all single unit activity in the population, and both single unit and joint

�ring rate activity for (D) monkey M and (E) monkey B. Dashed black lines indicate chance,

computed as average classi�cation accuracy using �ring rates with shu�ed time bins.
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3.0 Hindlimb Motor Responses Evoked by Microstimulation of the Lumbar

Dorsal Root Ganglia During Quiet Standing

We have established that contact force in
uences the encoding of tactile stimuli in the pe-

riphery. This leads us to the question of whether sensory feedback in the periphery can elicit

coordinated motor responses.

This work is adapted from Urbin, M.A., Liu, M. , Bottor�, E.C., Gaunt, R.A., Fisher, L.E.,

Weber, D.J. \Hindlimb motor responses evoked by microstimulation of the lumbar dorsal

root ganglia during quiet standing", Journal of Neural Engineering, 17(1):1-17, 2020. doi:

10.1088/1741-2552/ab4c6c

The introduction has been re-written to focus on the contributions to our understanding of

sensorimotor integration in the spinal cord. A subset of the results and discussion have been

selected and adapted toward this end as well. Descriptions of methods and results are taken

verbatim as published.

3.1 Abstract

Spinal circuits that implement motor responses to sensory feedback can be modulated

by top-down cortical control. Conversely, inhibition of spinal re
exes in
uences sensory per-

ception. Epidural stimulation of the dorsal roots can elicit motor responses, indicating that

stimulation of sensory a�erents is one of the major approaches for restoring sensory feedback

to prosthetic users. Understanding the role of sensorimotor pathways in the spinal cord can

allow such stimulation therapies to leverage the spinal circuits already present to improve

prosthetic control. Microstimulation of the dorsal root ganglia (DRG) is a viable option for

restoring sensory feedback to prosthetic users, but more information is needed to understand

how and if this sensory stimulation can drive coordinated motor responses that can be used

to maintain balance. We implanted the lumbar DRG of cats and delivered electrical stimu-

lation while the cats were trained to balance on a platform. DRG microstimulation evoked
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coordinated muscle responses that lead to kinematic changes, such as an unloading of the

hindlimb, measured by change in ground reaction force. Thus, microstimulation in the DRG

can evoke sensation that drives motor responses through spinal circuitry.

3.2 Introduction

Re
exes have been shown to play an important role in motor control and learning. In the

upper limb, inhibition of spinal re
exes cause participants to perceive weights as heavier [62].

Conversely, excitation of motor neuron pools in the hand can cause objects to feel lighter

[5]. Such spinal re
ex circuitry in the lower limb is essential for balance and gait control,

and motor re
exes in the lower limb respond to both cutaneous [16, 170] and proprioceptive

input [2, 158, 104]. These re
exes in
uence the length of the stance and swing phases of

walking, as well as the transitions between these two phases [57, 44, 43, 150, 177, 186]. Thus,

sensory feedback in the spinal cord can drive muscle activation patterns, even in the absence

of cortical control [87]. These spinal re
exes are coordinated to enable smooth walking

and response to perturbations during volitional control of movement [187]. Together, these

studies suggest that successful restoration of sensation via spinal stimulation will need to

take into account the re
exive motor output that results from spinal stimulation.

Stimulation of sensory a�erents has been used to partially restore sensation in individuals

with prosthetic limbs or spinal cord injury [37, 168, 21, 174, 23]. Such epidural stimulation

of the dorsal roots can activate muscles in the lower limb [174]. Thus, an important consid-

eration of the electrical stimulation of sensory a�erents is the potential for such stimulation

to recruit motor responses via interneuron pathways in spinal circuits. Such motor responses

can be bene�cial in that they can elicit coordinated motor responses that assist in postural

and balance control, but they can also be detrimental in that they generate o�-target move-

ments when the goal of electrical stimulation is to elicit a sensory percept. Potentially useful

coordinated motor responses are patterns of muscle activation or inhibition that generate

a kinematic output that enhances balance control or response to perturbation. Previous

studies have identi�ed a reduction in neural computation load in that neural commands that
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specify the endpoint force of a limb rely on networks of motorneuron pools and the muscle

�bers they synapse upon to generate coordinated muscle synergies [171]. Together, these

studies raise the question of whether electrical stimulation can elicit coordinated motor re-

sponses for balance and postural control. Thus, understanding how stimulation in the dorsal

root ganglia (DRG) can drive coordinated motor responses is crucial to our understanding

of how to develop technologies for prosthetic users.

To characterize the sensorimotor e�ets of DRG microstimuation, we implanted the 6th

and 7th lumbar DRG of cats and delivered microstimulation pulses while the cats were

standing quietly. We recorded EMG activity as well as ground reaction force (GRF) of the

hindlimb over the course of quiet standing, stimulation, and response. We hypothesized that

electrical stimulation of the DRG would evoke coordinated muscle responses that contribute

to postural and balance control.

3.3 Methods

The goal of this study was to characterize the patterns of muscle activation elicited by

microstimulation in the DRG. Stimulation was delivered on single channels across two 8x4

microelectrode Utah arrays in L6 and L7 of quietly standing cats. To determine which

channels to stimulate on, we recorded the conduction velocities of each channel on the two

electrode arrays and determined that channels with the highest conduction velocities were

likely to be stimulating proprioceptive a�erents. Electromyographic signals and ground

reaction force were recorded from the left hindlimb of the cat.

3.3.1 Surgery

Ketamine and acepromezine was used to induce anesthesia, which was then maintained

with 1-2% iso
urane. Throughout the procedure, we monitored the heart rate, oxygen satu-

ration, temperature, respiration rate, and CO2 of the animal. A laminectomy was performed

to expose the left L6 and L7 DRG. Floating microelectrode arrays (FMAs, MicroProbes for
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Figure 3.1: Experimental setup. (A) Adapted from King et al., 2009 [106]; Cats were

implanted with microelectrode arrays and trained to stand on a platform. EMG signals were

recorded from the left hindlimb. (B) Some cats were implanted with Utah arrays, and others

with (C) 
oating microelectrode arrays (FMA).

Life Science, Gaithersburg, MD) were implanted in three cats (cats F, G, H), and 4x8 Utah

Electrode arrays (UEA, Blackrock Microsystems, Inc., Salt Lake City, UT) were implanted

into the L6 DRG of cat I. Each FMA consisted of 32 stimulating electrodes, two reference

electrodes, and two ground electrodes. The Utah electrode arrays similarly consisted of 32

electrodes (Figure 3.1). A secondary ground and return electrode were implanted via a stain-

less steel wire that was inserted into a hole in the iliac crest. To measure the conduction

velocity of the stimulated a�erents, a �ve-contact nerve cu� electrode array (Ardiem Medi-

cal, Indiana, PA, 4mm inter-electrode spacing) was placed on the left sciatic nerve. The �rst,

third, and �fth contacts of the cu� were shorted together and used as a common reference in

a virtual tripole con�guration [64]. ENG signals were recorded from the second and fourth

contacts which were spaced 8 mm apart. Evoked responses were isolated via stimulation-

triggered averaging (STA) and the conduction velocity was computed as the propagation

time between the second and fourth contacts on the nerve cu� [64]. EMG electrodes were

inserted into the muscle bellies of ten muscles in the left hindlimb: tensor fascia latae (TF),
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gluteus medius (GM), semimembranosus (SM), semitendinosus (ST), biceps femoris (BF),

sartorius (SA), vastus lateralis (VL), tibialis anterior (TA), medial gastrocnemius (MG),

and lateral gastrocnemius (LG). Each electrode comprised of insulated stainless steel wires

(Cooner 636, 2 mm inter-electrode spacing along de-insulated segment). Leads for all ENG

and EMG electrodes were �xed to a percutaneous titanium base sutured to the dorsal fascia

and iliac crests and passed through the skin into an external backpack. Leads were attached

to a custom circuit board within the backpack. Recording and stimulating devices interfaced

with electrodes through a header on the circuit board.

3.3.2 Threshold and Conduction Velocity Testing

One week after implantation, anesthetized experiments were performed to measure re-

cruitment thresholds and conduction velocities on each microelectrode channel on the im-

planted arrays. Cats were sedated with 0.04mg/kg doses of Dexdomitor, and this sedation

was reversed with 0.4mg/kg doses of Antisedan at the end of the experiment. DRG micros-

timulation pulses were delivered (200� s cathodal phase followed by a 400� s anodal phase)

on each channel sequentially. Stimulation was administered using two IZ2 16-channel stim-

ulus isolators (TDT, Alachua, FL) and custom LabVIEW software in cats F, G, and H,

or nano2+stim 32-channel headstages (Ripple, LLC) for cat I. A pulse amplitude sweep of

30-40 � A was used to identify electrodes that evoked ENG responses. ENG signals were

recorded via a Grapevine Neural Interface Processor (Ripple, Salt Lake City, Utah), using

a di�erential headstage (Surf-D) with an input range of 5 mV and a resolution of 0.2� V.

Digitization was performed directly on the headstage at 30 kHz. Recruitment thresholds for

each microelectrode that evoked an ENG response were found via a binary search procedure

as described in Ayers et al. (2016) [8]. One microelectrode channel with a conduction ve-

locity faster than 80m/s and a recruitment threshold lower than 20� A was selected as the

stimulation channel for behavioral experiments each week.
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3.3.3 Behavioral Testing

Animals were trained to balance on four pegs prior to implantation. Load cells in each peg

measured the ground-reaction force (GRF). GRF was sampled at 1 kHz (USB-6251, National

Instruments, Austin, TX) and digitally �ltered with a second-order low-pass Butterworth

�lter (Figure 3.1). Throughout the behavioral experiments, EMG signals were recorded

at either 20 or 40 kHz using the OmniPlex neural data acquisition system (Plexon, Dallas,

TX). During the behavioral task, microstimulation to the DRG was delivered on the electrode

selected during the anesthetized experiments when the cat was standing quietly. A cat was

considered to be quietly standing when it maintained an even weight distribution (50� 30%)

across all limbs for 1-3s. A one-second-long stimulation train consisting of ten stimulation

pulses spaced 100ms apart was delivered to the single DRG microelectrode selected from

the anesthetized experiments. Cats received a food reward after each trial. Stimulation

amplitude was set to either 0.9-2.5x (low) or 1.1-3x (high) the recruitment threshold found

during the anesthetized experiments. Microstimulation pulses were asymmetric, charge-

balanced waveforms as used in anesthetized experiments. Testing days with fewer than �ve

trials were discarded from analyses.

3.4 Results

Microstimulation of the DRG di�erentially inhibited and excited muscles in the hindlimb

of a quietly standing cat. These responses tended to occur within 20-45ms of the stimula-

tion train, suggesting that this muscle activation was the result of sensory-mediated re
ex

pathways in the spinal cord. Furthermore, evoked muscle activity led to decreases in ground-

reaction force, suggesting that sensory stimulation of proprioceptive a�erents within the DRG

induced kinematic changes that contribute to postural balance.
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3.4.1 Electrical Stimulation of the DRG Evokes Muscle Activity

On 77 of 139 days (62.5% of testing weeks), DRG microstimulation evoked motor re-

sponses in one or more muscles. Some muscles, such as the semitendinosus (ST) muscle,

was activated in response to DRG stimulation, whereas other muscles such as the vastus

lateralis (VL) were inhibited (Figure 3.2). For the excitatory response in the ST, response

onset latency was 8.5� 2.4 ms, with peak EMG occurring at 43.2� 8.8 ms and then returning

to near baseline levels by the time the stimulation train ended. Similarly, inhibition of the

VL had a latency of 4.7� 2.4 ms with maximal EMG suppression occurring at 28.0� 1.1 ms

before returning to near baseline levels 50 ms into the response epoch.

Stacked bar plots in �gure 3.4 summarize cumulative response rates for each muscle

during low- (Figure 3.4A) and high-amplitude (Figure 3.4B) microstimulation on the L6 and

L7 array. The breakdown of excitatory and inhibitory response rates for each muscle are

shown in di�erent colors, and microstimulation array (i.e. L6 and L7) is shown in the bars

to the left and right of each tick, respectively, on the horizontal axis.

A microelectrode on the L6 array was selected 35 total weeks (low amplitude = 77

testing days; high amplitude = 78 testing days) and on the L7 array 21 total weeks (low

amplitude = 61 testing days; high amplitude = 61 testing days). Despite a disproportionate

number of testing weeks that a microelectrode on the L6 or L7 array was selected, di�er-

ences in cumulative response rates are evident. On the L6 array, cumulative response rates

across muscles and response type ranged as high as 19.5% and 21.8% with low- and high-

microstimulation amplitudes, respectively. Maximum response rates on the L7 array were

39.3% and 52.5%, respectively. L7 microstimulation produced higher rates of excitation in

nine of the ten muscles when averaged across microstimulation amplitudes. Conversely, L6

microstimulation produced higher cumulative rates of inhibition in seven of the ten muscles

when averaged across amplitudes. Di�erences are also noted in the composition of responses

evoked by microelectrodes on each array. L6 microstimulation produced an approximately

equal distribution of excitatory and inhibitory responses for most muscles (except SA and

VL) with low- and high-amplitude microstimulation. However, microstimulation on the L7

array evoked mainly excitatory responses in most muscles with few exceptions: equal rates

45



Figure 3.2: Excitatory muscle responses. Representative testing days with excitatory evoked

responses detected in the ST muscle for all trials administered with (A) low- and (B) high-

amplitude microstimulation from a single testing week (H06). Horizontal dashed lines corre-

spond to detection thresholds and vertical lines correspond to stimulation onset. Blue circles

(undetected) and red arrows (detected) correspond to RMS of the pre-stimulus and response

epochs, respectively. Placement of circles and arrows along horizontal axis is situated in the

middle of each epoch
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Figure 3.3: Inhibitory muscle responses. Representative testing days with inhibitory evoked

responses detected in the VL muscle for all trials administered with (A) low- and (B) high-

amplitude microstimulation from a single testing week (F10). Horizontal dashed lines cor-

respond to detection thresholds and vertical lines correspond to stimulation onset. Blue

circles (undetected) and red arrows (detected) correspond to RMS of the response epochs.

Placement of circles and arrows along horizontal axis is situated in the middle of each epoch.
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Figure 3.4: Survey of excitatory and inhibitory responses. Stacked bar graphs illustrating

cumulative response rates of detected motor responses from (A) low- and (B) high-amplitude

microstimulation. Bars to the left (stippled) and right (solid) of each tick correspond to rates

from microstimulation on L6 and L7 arrays. Black (excitatory) and grey (inhibitory) bars

provide a breakdown of the composition of responses.
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of excitatory and inhibitory responses were observed in TA, while VL and MG exhibited

mainly inhibitory responses.

Bimodal responses consisting of distinct phases of excitation and inhibition were observed

in some muscles during some testing days (low amplitude: n = 19 cases; high amplitude n

= 29 cases). The vast majority (85%) of bimodal responses were characterized by excitation

following inhibition. TA had the highest rate of bimodal responses, comprising 63% and

41% of all TA responses driven by low- and high-amplitude microstimulation, respectively.

Most bimodal responses occurred in two of the animals (F: n = 1, G: n = 1, H: n = 33, I: n

= 13) and from microstimulation on the L7 (n = 34) versus L6 (n = 14) array.

3.4.2 Muscle Responses Create a Coordinated Re
exive Motor Response to

Stimulation

Box plots illustrating the distribution of evoked response latencies in each muscle are

shown in Figure 3.5A. Wilcoxon signed ranked tests revealed no di�erences in latencies for

either response type by microstimulation amplitude in any muscle. Therefore, latencies were

collapsed across amplitudes. Box plots show variability in response latencies within and

between muscles. However, histograms revealed that 53% of all responses occurred within

20 ms of microstimulation train onset (Figure 3.5B). While 73% of inhibitory responses

occurred within 20 ms of train onset (Figure 3.5D), 38% of excitatory responses had onsets

in this window (Figure 3.5C). Another 37% of excitatory responses occurred between 20 and

40 ms after microstimulation onset (Figure 3.5C).

Modulations in hindlimb GRF were detected on 17 total weeks: F: weeks 1 and 10; G:

weeks 12 and 13; H: weeks 4, 5, 6, 8, 9, 10, 11, 13, and 16; I: weeks 4, 6, 8 and 10. The

direction of the GRF was the same in each case with an unloading response exhibited on all

17 weeks. Wilcoxon signed rank tests indicated that hindlimb unloading was signi�cantly

greater (Z = -3.34, p = 0.001) when elicited by high-amplitude microstimulation (-1.99� 1.14

N) relative to low-amplitude microstimulation (-1.46� 0.91 N).

All trials from the 17 weeks with a hindlimb unloading response were entered into sepa-

rate mixed models for low-amplitude (321 total trials, 18.9� 7.7 per cat) and high-amplitude
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Figure 3.5: Muscle response latencies. (A) Box plots showing the distribution of response

onset latencies for excitatory (green) and inhibitory (red) evoked responses in each muscle.

Histograms showing the frequency of response onsets (5 ms bins) for (B) all evoked responses

combined, (C) excitatory responses only, and (D) inhibitory responses only.
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(281 total trials, 16.5� 7.0 per cat) microstimulation. Results of the likelihood ratio tests for

the mixed model procedure indicated the importance of modeling the covariance structure

for both low- (� 2=69.2, p < 0.001) and high-amplitude (� 2=112.19, p < 0.001) models. In-

terclass correlation coe�cients for both models (ICCLow = 0.34, ICCHigh = 0.46) indicated

a large cluster-level e�ect. TF (F = 11.28, p< 0.001), knee 
exors (F = 8.01, p = 0.005),

VL (F = 11.09, p = 0.001) and TA (F = 7.75, p = 0.006) contributed signi�cantly to the

low stimulation model and predicted hindlimb unloading. For every unit increase in TF,

knee 
exor, and TA EMG power, GRF magnitude decreased by 0.75 N (95% CI: [-1.7, -0.9]),

0.94 N (95% CI: [-1.6, -0.3]), and 0.44 N (95% CI: [-0.7, -0.1]), respectively. For every unit

increase in VL EMG power, GRF magnitude increased by 0.94 N (95% CI: [0.4, 1.5]). In the

high stimulation model, three of the same muscles contributed to hindlimb unloading: knee


exors (F = 23.54, p < 0.001), VL (F = 13.74, p < 0.001), and TA (F = 12.36, p< 0.001).

For every unit increase in knee 
exor and TA EMG power, GRF magnitude decreased by

1.76 N (95% CI: [-2.5, -1.1]) and 0.62 N (95% CI: [-1.0, -0.3]). For every unit increase in VL

EMG power, GRF magnitude increased by 1.24 N (95% CI: [0.6, 1.9]). Trends in predicted

GRF and corresponding EMG power in 
exor muscles are shown in Figure 3.6.

3.5 Discussion

We delivered electrical stimulation to the L6 and L7 DRG of cats standing on a platform

via chronically implanted electrode arrays. This electrical stimulation evoked patterned

motor responses in the hindlimb muscles of the cat. The most commonly evoked motor

pattern was an excitation of the ST and inhibition of the VL. Combined, this muscle pattern

forms a knee 
exion response, suggesting that the cat was unloading its left hindlimb in

response to sensory stimulation. Thus, microstimulation of the DRG can activate sensory

a�erents in such a way as to elicit stereotyped motor responses.
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Figure 3.6: Predicted change in GRF magnitude versus EMG power for (A) and (B) knee


exors and the (C) and (D) TA muscle in low-amplitude and high-amplitude microstimula-

tion models. Data points correspond to individual trials from each of the 17 weeks included

in models. Data points are color coded with lines of best �t to illustrate trends within each

week.
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3.5.1 Sensory Stimulation Drives Re
exive Motor Outputs

Postural control, even under static conditions, likely involves some degree of polymodal

convergence with limb state conveyed by various a�erent inputs and the net motor output

resulting from summation of these as well as descending inputs. Indeed, there is evidence of

convergence of specialized load receptors onto the same pathways. For example, cutaneous

and Ib a�erent inputs converge onto common interneurons [113], and Ia a�erent input can

produce autogenic inhibition [52, 95]. Moreover, interneurons that receive input from Ia and

Ib �bers can be activated by cutaneous input [94]. There is also evidence that group I a�er-

ents in
uence hindlimb motor neurons of heteronymous muscles [80]. Notwithstanding these

factors, ongoing presynaptic inhibition of a�erent terminals in an awake, behaving animal

makes it di�cult to fully dissociate the pathways depolarizing motor neurons. Although

we cannot identify the neural pathways mediating evoked responses observed in the current

study de�nitively, we o�er the following observations.

Nearly half of excitatory responses occurred on the order of 20 ms or less, suggesting

transmission through spinally-mediated re
ex circuits [136, 73]. A majority of inhibitory

responses were also detected in this window. Detection of evoked responses at this latency

coupled with a relatively high incidence of reciprocal inhibition at the knee suggests that

microstimulation engaged monosynaptic and disynaptic Ia pathways. However, inhibition of

motor �bers can also be the result of post-activation depression [79] and recurrent inhibition

[3]. Previous studies have shown that delivering electrical stimulation to the DRG recruits

sensory a�erents [64, 53]. Sensory a�erents arriving in the DRG synapse upon many motor

neurons that engage muscle synergies in meaningful ways [41]. Furthermore, epidural stim-

ulation of the lumbar segments in the decerebrate cat spinal cord has been shown to amplify

knee movement during the swing and stance phases of the gait cycle [119]. The �ndings

suggest that the sensory pathways in the lumbar DRG of the cat synapse onto networks of

motor neurons that enable knee 
exion. However, spinal circuitry involves not just senso-

rimotor re
ex loops, but also cortically-driven circuitry, locally recurrent connections, and

lateral connections between various levels of the spinal cord. Thus, top-down cortical control

can inhibit a�erent terminals in behaving animals. In this study, the relative contributions
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of spinal circuits and cortical circuits can be di�cult to disentangle. However, the short la-

tencies of the evoked motor responses in this study suggest that the motor evoked responses

we observed are spinally-mediated [136, 73].

3.5.2 Stimulation-Evoked Muscle Responses Lead to Changes in Hindlimb Be-

havior

In general, animals responded well to stimulation, suggesting that hindlimb unloading

responses were not withdrawal re
exes [110]. Microelectrode channels that recruited fast-

conducting a�erents were selected on the basis of conduction velocities that are incompatible

with transmission along thin-diameter, unmyelinated �bers. The consistent direction of the

behavioral response across all weeks with a modulation in GRF was unexpected, given the

di�erent DRG locations targeted within an animal and variability of array placement across

animals. Previous work has shown a nominal number of muscle synergies can account for

force control during postural perturbations in di�erent directions [170]. Our results show

consistent patterns of within-week covariation between the extent of hindlimb unloading and

response patterns in a speci�c subset of muscles. The same subset of muscles was involved

regardless of microstimulation intensity, implying the involvement of a particular synergy

driving behavior. High rates of co-excitation between the TA and knee 
exors coupled with

reciprocal inhibition of knee extensors across testing days render further support for this

interpretation. A�erent projections from this nerve converge on the DRG of the lumbar

spine and, therefore, may have contributed to the unloading response observed here.

3.6 Conclusion

Our novel �ndings demonstrate that brief microstimulation trains delivered to focal re-

gions of the L6 and L7 DRG evoke motor responses, resulting in stereotyped muscle response

patterns that elicit transient unloading of the hindlimb. Translating this pre-clinical animal

work into humans is a necessary step, but there are also several points that require careful
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consideration. For example, experiments reported here involve administration of microstim-

ulation under static conditions, but the resulting somatosensory inputs are likely integrated

di�erently during dynamic behaviors, such as gait. Indeed, decades of human and animal

work highlights the context-dependency of somatosensory integration in local spinal circuits.

For instance, stimulation of Ia inhibitory pathways to extensor motor neurons elicits the

highest IPSPs in their hyperpolarized phase during locomotion [135], and disynaptic Ia in-

hibition from ankle 
exors to extensors is also highest during the swing phase of the human

gait cycle [131]. There is a reversal of disynaptic inhibition to disynaptic excitation dur-

ing locomotion in the decerebrate cat mediated by activation of group Ib a�erents [128].

A similar re
ex reversal in the group I disynaptic pathway has been reported in humans

[160]. Load-sensitive a�erents are considered essential for generating patterns of muscle ac-

tivation during locomotion [40, 127] with Ib input from extensor muscles inhibiting 
exors

and exciting extensors during locomotion in the cat [42, 128, 74]. Thus, activation of DRG

neurons will recruit one or more of these re
ex circuits, promoting state-dependent changes

in muscle activity that could support or impede dynamic behavior. Further work is needed

to determine how microstimulation of the DRG can be administered to modulate muscle

response patterns that promote postural control and enable gait transitions.
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4.0 Volitional Control of Movement Interacts with Proprioceptive Feedback

in Motor Cortex During Brain-Computer Interface Control

At the time of this dissertation, this work has not yet been submitted for peer review.

Up to this point, the role of volitional control in sensorimotor integration has not been

explicitly examined. The purpose of this chapter is to examine how motor intent interacts

with sensory feedback in M1.

4.1 Abstract

Incorporating sensory feedback into neurorehabilitative devices has the potential to re-

store a greater degree of motor function to brain-computer interface (BCI) users. Under-

standing how sensory feedback in
uences M1 activity and BCI performance can o�er new

insight into sensory restoration. A participant who was paralyzed below the neck but re-

tained intact somatosensation was implanted with microelectrode arrays in the hand and

arm region of motor cortex. Firing rates across the arrays were used to control the velocity

of a robotic arm. The participant was asked to use the BCI decoder to move the robotic

arm over a pair of centerlines as many times as possible in one minute while receiving dif-

ferent combinations of visual and proprioceptive feedback. Task performance with vision

or proprioception alone was better than when neither were provided. However, providing

proprioceptive feedback impaired performance relative to visual feedback alone, unless the

decoder was trained with both modalities. These results raise the question of how di�erent

sensory feedback modalities in
uence M1 activity and ultimately BCI performance. We ex-

amined the kinematics of the robotic arm across di�erent feedback conditions and found that

both positional variance and average speed were highest when proprioceptive feedback alone

was provided. This suggests that the participant's control strategy changes to account for

lower precision in proprioceptive sensation. We then examined population-level responses by
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identifying the dimensions of neural activity that best captured variance for di�erent combi-

nations of visual and proprioceptive feedback. We computed the principal angle between the

neural activity during performance and the decoder, and found that the overlap between neu-

ral activity and the decode axis was largest when sensory feedback during the task matched

the modalities present during decoder training. Overall performance also improved as the

overlap between the decoder and the neural activity during the task increased. Combined,

these results suggest that proprioceptive feedback may have a uniquely large impact on M1

activity relative to other sensory modalities, and that training a decoder with proprioceptive

feedback allows the decoder to take advantage of proprioception-driven variability in M1.

4.2 Introduction

Sensory feedback is crucial for regulating motor output during reaching, and brain com-

puter interfaces (BCIs) o�er a unique opportunity to study the e�ects of sensory feedback

on neurons in motor cortex (M1). Sensation and movement are tightly linked, and restor-

ing sensory feedback to BCI users is a primary goal of neurorehabilitative research today.

Many promising mechanisms for sensory restoration have been developed [54, 55, 91], and

understanding how sensory feedback in
uences M1 activity can o�er greater insight into

sensory restoration paradigms. Studies have found that M1 neurons respond to the velocity

and direction of movement, as well as limb position [66, 120]. However, neurons in M1 also

respond to sensory feedback, including proprioceptive [49, 162], visual [65, 130, 188, 129],

and tactile [148] feedback. Furthermore, these studies found that sensory responses in M1

vary depending on whether movements are active or passive [82, 163], the phase or temporal

period of motor planning or motor control [165, 169, 172], and the type of sensory feedback

provided [148]. Taken together, these studies indicate that sensory in encoding in M1 is vari-

able across di�erent feedback modalities, time, and task. In particular, studies have shown

that responses of subpopulations of neurons lag movement, suggesting a proprioceptive or

kinesthetic response in M1 [82]. These �ndings raise the question of how proprioceptive

feedback in
uences M1 activity, and more speci�cally, how proprioceptive feedback interacts

with motor intent for BCI control.
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Neurons in M1 have been found to respond to proprioceptive feedback in a variety of

ways. Evidence for two populations of neurons have been found in M1, where some neurons

lead movement and some neurons lag movement. Most neurons in M1 were active preceding

movement by 100-150ms [51, 163], suggesting that they encode motor output. However, a

small population of neurons in M1 lagged movement, which is suggestive of a sensory response

[51, 163]. Additionally, neurons in M1 also changed their tuning depending on whether they

were responding to an active or passive movement [163]. These neurons are likely to encode

sensory responses, or kinesthetic information about the extent and direction of movement

[48, 51]. Taken together, these results suggest that proprioceptive feedback in
uences M1

activity, and that this in
uence can be leveraged to improve BCI decoder performance.

Indeed, in a previous study by Suminski et al. (2010) [162], training a position-based BCI

decoder showed that proprioception improved BCI control, and incongruent proprioception

did not impair BCI control. This improvement in performance occurred regardless of whether

the decoder was trained with vision or with vision and proprioception. Moreover, a decoder

trained with vision and proprioception resulted in a greater sensory response in M1 after

movement compared with a decoder that was trained with vision alone. Thus, it is apparent

that proprioceptive feedback can interact with movement intent to drive M1 responses in

BCI control [162]. In the present study, we examined the role of proprioceptive feedback

in BCI control with a velocity-based decoder to understand the interactions between motor

intent and proprioceptive feedback in M1.

During a clinical BCI trial, we implanted two 96-channel microelectrode arrays into M1

of a person who was completely paralyzed below the neck but retained intact somatosensa-

tion. Neural �ring rates were transformed into a 2-dimensional velocity control signal for a

robotic arm using an optimal linear estimator. We examined how visual and proprioceptive

feedback were incorporated into BCI control by having the participant move this arm left

and right over a centerline as many times as possible in one minute. During this task, the

participant was provided with either visual or proprioceptive feedback, both, or neither. Pro-

prioceptive feedback was provided by moving the participant's arm to match the movement

of the robotic arm.
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These experiments were performed as part of a larger study on BCI decoder performance.

Described here is a brief overview of the relevant components of the experiment. Further

details on surgical procedures, array implantation, and decoder training are published in

Collinger et al. (2013) [26].

4.2.1 Neural Recordings

Two 96-channel intracortical microelectrode arrays (4mm x 4mm, Blackrock Microsys-

tems, Salt Lake City, UT, USA) were implanted in the hand and arm region of the left

motor cortex (M1) of a 52-year-old woman who was paralyzed below the neck but retained

intact somatosensation as a result of spinocerebellar degeneration. During each recording

session, neural signals were recorded with a NeuroPort data acquisition system (Blackrock

Micro systems), and single- and multi-unit activity was identi�ed via threshold crossings.

Threshold crossings where converted to �ring rates in 30ms bins and low pass-�ltered using

an exponential smoothing function with a 450 ms window [26].

4.2.2 Decoder Training

Neural �ring rates were transformed into a 2-dimensional end-point velocity control signal

of a robotic arm using an optimal linear estimator. The participant watched a MuJoCo model

of a moving arm and was asked to imagine moving along with the visual cue. The decoder

was �t by estimating coe�cients for each channel that best predicted the velocity of the

visual cue. These decoders that were trained with visual cues alone represented �ve out

of nine days during which this experiment was conducted. On four out of the nine days,

proprioceptive feedback corresponding to the visual cue was also provided to the participant

during decoder training. For both decoder types, a two-step calibration paradigm was used.

The �rst phase was observation-only, in which the participant observed the visual cue with

or without proprioceptive feedback, and imagined moving to the visual cue. In the second

phase, the participant's neural signals were used to control the velocity of the robotic arm in

a reaching paradigm, and any neural activity that caused the robotic arm to move orthogonal

to the optimal reaching direction was removed from the decoder [26].
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4.2.3 Zero-Crossing Task

The participant was asked to move the robotic arm over a pair of centerlines as many

times as possible in one minute using the BCI decoder. During this task, the participant

was provided with either visual feedback, proprioceptive feedback, both, or neither. On

some trials, the participant was also provided with incongruent proprioceptive feedback,

where the proprioceptive feedback was in the opposite direction relative to the movement

of the robot arm. Additional trials were included in which the participant received passive

proprioceptive feedback|her arm was moved back and forth over the pair of centerlines,

but she was not attempting the task. Proprioceptive feedback was provided via manual

movement of the participant's arm in accordance with the robotic arm during the task.

Across nine days, neural activity across 192 channels were recorded during this task, as well

as robot velocity and position, and the position of the participant's arm on trials where

proprioceptive feedback was provided.

4.2.4 Time-Normalization of Kinematics and Neural Data

The robot kinematics over the course of a one-minute attempt at the task were segmented

into left-to-right as well as right-to-left crossings. Each crossing was identi�ed as the segment

in which the robotic arm started from one extrema (left or right), and moved to the other

extrema (right or left). Each crossing was then either compressed or stretched so that

the time course of the crossing corresponded to the median amount of time for crossings

of that sensory feedback modality. In the condition where the participant was receiving no

sensory feedback or incongruent sensory feedback, each crossing was identi�ed as the segment

between one extrema to the time point corresponding to the median length across all trials.

Neural �ring rates were smoothed with a 100 ms Gaussian kernel and segmented into the

time segments that correspond to kinematic segments and similarly time-warped.
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Figure 4.1: Experimental setup (A) Figure adapted from Collinger et al. [26]. Two 96-

channel arrays were implanted in the hand and arm region of M1 in a quadraplegic partici-

pant. Firing rates were transformed into 2-D endpoint velocity control of a robot arm using

an ordinary linear estimator. (B) The participant performed a task in which she used BCI

control to move the robotic arm back and forth over a pair of center lines as many times

as possible in one minute (C) Two types of decoders were trained: one on vision only, and

one with vision and proprioception (D) During the task, the participant received various

combinations of visual and proprioceptive feedback.
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4.2.5 Principal Components Analysis Within and Between Sensory Feedback

Conditions

Neural activity at each time point during the task can be thought of as a single point

in a high-dimensional neural space. Sensory feedback provided during the task shifts this

cloud of neural activity, but the interaction between the neural cloud and the decoder should

explain BCI performance. Thus, we used principal components analysis (PCA) was used to

�nd axes of neural activity that captured 1) variance within each sensory feedback condition,

and 2) across all sensory feedback conditions. The �rst method is geared toward capturing

the variance of neural activity within each condition, and the goal of the second method is

to identify the axis that best explain varianceacrosssensory feedback conditions.

4.2.5.1 Within-Condition PCA

PCA was used to �nd the axes of neural activity that best captured the variance in neural

activity for each sensory feedback condition. Time-normalized neural activity was used to

identify the axes that best explained the variance in neural activity for each trial condition.

To ensure that movement direction contributed equal variance to the training data, trials for

each sensory feedback modality were subsampled so that each crossing direction was equally

represented in the training data. This was done ten times with non-overlapping training sets

each time to provide a 10-fold cross-validated estimate of the PC space that captured the

most variance in neural activity for each condition.

4.2.6 Neural Gradient Analysis

To examine the time evolution of neural activity in PC space, the PC space that explained

90% of the variance of the overall neural activity across all conditions was divided into a

number of bins with axes that explain more variance digitized into smaller bin sizes. For each

bin, the derivative of the neural activity as it moves through that point in neural space was

computed to create a 
ow �eld of neural activity across the task. The gradient at each point

in neural space was independent of time and was informative in its length and direction.
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4.3 Results

The participant was able to use the BCI decoder to move the robotic arm over the center

lines when visual or proprioceptive feedback were provided during the task. Proprioceptive

feedback had di�erential e�ects on task performance when provided in combination with

vision depending on the sensory feedback provided during decoder training. Thus, the par-

ticipant's movement intent interacted with the sensory feedback provided during the task.

4.3.1 Performance is Best When Task Feedback Matches Decoder Training

Feedback

Kinematic traces on day 6 (vision and proprioception decoder) for a representative trial of

each sensory feedback type are shown in Figure 4.2A. Without sensory feedback, the robotic

arm drifted to the right side of the workspace and continued to move left and right. When

either visual or proprioceptive feedback was provided, however, the participant was able to

move the robotic arm over the two center lines. Whenever visual feedback was provided,

regardless of whether proprioceptive feedback was provided, the BCI-controlled movements

were more precise, with each crossing passing just over the two centerlines before changing

direction. In contrast, when proprioceptive feedback was the only sensory feedback provided,

the crossings were longer in length and movements were faster. One potential explanation for

this is that proprioceptive feedback is less precise than visual feedback, and so the participant

changes strategy to make larger movements more quickly to complete the task. Indeed, across

all trials, the average speed used in the proprioceptive condition were larger than for other

conditions (Figure 4.2C, Average Speed: Eyes Closed, No Proprioception = 0.15m/s; Eyes

Open, No Proprioception = 0.12m/s; Eyes Closed, Proprioception = 0.18m/s; Eyes Open,

Proprioception = 0.15m/s). The proprioceptive only condition was also more periodic as

indicated by the Fourier transform of the position and velocity of the robotic arm (Ratio of

peak to width at half peak: position = 0.44, velocity = 0.02; Table 4.1). Interestingly, the

position traces of the robotic arm in the no sensory feedback and incongruent proprioceptive

feedback conditions were largely not periodic (Figure 4.3A). These di�erences were not due
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to overall decoder performance, as control in the X and Y dimensions are close to orthogonal

(Figure 4.2B).

Interestingly, across all days, providing proprioceptive feedback when the decoder is

trained with vision alone impaired performance (eyes open, no proprioception crossings =

28.6 � 5.6, eyes open, proprioception crossings = 21.6� 7.3), whereas training the de-

coder with vision and proprioception made the decoder robust to the removal of visual or

proprioceptive feedback (eyes open, no proprioception crossings = 22.7� 8.6, eyes open,

proprioception crossings = 26.2� 6.2) (Figure 4.2C). However, proprioceptive feedback is

still usable when the decoder is trained with vision only, as the number of crossings in the

eyes closed, proprioception condition (crossings = 18.8� 4.3) was higher than the number

of crossings in the no sensory feedback condition (crossings = 5.9� 3.4). Furthermore,

incongruent proprioceptive feedback inhibited performance as much as no sensory feedback

(V decoder = 5.0 � 3.4; VP decoder = 6.9� 3.9). Taken together, these results indicate

that proprioceptive feedback in
uences BCI decoder control. Our goal for the remainder of

the analyses is to understand how sensory feedback can in
uence neural activity in M1 such

that decoder performance re
ects the behavioral results we identi�ed here.

4.3.2 Neurons in M1 Respond Di�erently to Proprioception Depending on Vi-

sual Feedback

We �rst examined how the population of neurons responded to proprioceptive feedback

across days. We found that neurons in M1 are modulated by proprioception in both active

and passive conditions. Each neuron that �red above 5sp/s during the passive proprioception

condition was designated as a \proprioceptive neuron". The response of these propriocep-

tive neurons during active movement (BCI control) conditions (Figure 4B-D) are marked

with an x. We found that neurons that responded to proprioception in the passive con-

dition did not necessarily respond to proprioception in the active condition (Figure 4.4A),

reinforcing studies that have shown that M1 neural responses change depending on whether

movement is active or passive [82]. Responses of neurons to proprioceptive feedback also

di�ered depending on whether eyes were open or closed, with many neurons that increased
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Figure 4.2: Kinematics of robotic arm. (A) Sample traces for one trial with a VP decoder

(Day 6). (B) 2D position for all trials on day 6; (C) Horizontal position vs. velocity for all

trials on day 6
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Figure 4.3: BCI performance across days. (A) Fourier transform of position (top) and

velocity (bottom) across all days. Darker traces are the mean, lighter traces are individual

days (B) Number of crossings across days. Individual days are shown in diamonds, bars

represent the mean across days

Table 4.1: Q10 (height of peak/width of peak at half height) for the power spectral density

of position and velocity traces for each sensory feedback condition. Higher number means

that the peak is sharper and the kinematics are more periodic.

Sensory Feedback Type Position Velocity

Eyes Closed, No Proprioception N/A 0.004

Eyes Open, No Proprioception 0.24 0.021

Eyes Closed, Proprioception 0.76 0.026

Eyes Open, Proprioception 0.25 0.01

Eyes Open, Incongruent N/A 0.002

66



�ring rate in response to propioception when eyes are closed decreasing �ring rate when eyes

are open (Figure 4.4B-D). This shift in �ring rate across channels was similar for both de-

coders trained with vision only and decoders trained with vision and proprioception. Some

proprioceptive-modulated neurons contributed to decoded velocity (Figure 4.4C, D), while

others did not. However, the contribution of proprioceptive-driven neurons to the decode

axis did not appear to be signi�cantly di�erent between decoder training modalities (Figure

4.4C, D). Taken together, these �ndings suggest that proprioceptive feedback has variable

impacts on M1 neurons depending on the presence of other sensory feedback modalities such

as vision.

4.3.3 Training the Decoder With Vision and Proprioception Allows the De-

coder to Take Advantage of Proprioceptive-Driven Variability in M1

Since the shifts in �ring rates did not explain the performance changes between the vision

and vision and proprioception decoders, we next examined overall population activity. To

do so, we used principal components analysis (PCA) to identify a set of axes that explained

90% of the variance of overall neural activity foreach sensory feedback condition. We then

measured the overlap between this low-dimensional neural space for each sensory feedback

condition and the horizontal decode axis. A smaller angle would mean that there is greater

overlap between the neural activity in a given sensory feedback condition and the decoder,

indicating that changes in neural activity also in
uence decoded velocity. We found that

in conditions where proprioceptive feedback was provided and the decoder was trained with

proprioception, the overlap between the PC space and the decode axis was larger (eyes open,

proprioception: V Decoder angle = 40.26� � 3.98, VP Decoder angle = 29.76� � 5.61; eyes

closed, proprioception: V Decoder angle = 43.90� � 4.91, VP Decoder angle = 29.91� � 5.94;

incongruent proprioception: V Decoder angle = 61.45� � 7.92, VP Decoder angle = 37.47� �

5.46) (Figure 4.5A). Furthermore, the greater the overlap between neural activity and the

decoder, the better performance was. Across all conditions, the number of crossings on each

day exhibited a correlation between the overlap in the PC space and the decoder and the

number of crossings (R = � 0:64) (Figure 4.5B). This suggests that when the decoder is
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