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Abstract

Sensory neuroprosthetics offer a revolutionary approach to studying as well as treat-

ing patients suffering from sensory dysfunction resulting from neurological impair-

ments. Devices, such as cochlear implants, which restore the functionality of defec-

tive peripheral sensory organs, have become increasingly more prevalent and provide

greater autonomy and independence to patients. For those with damage to the

sensory neural circuits themselves as a result of disease or injury, alternative treat-

ment options must be implemented. Cortical prostheses that bypass the damaged

circuitry and deliver sensory information directly to the brain offer an alternative

option for these patients. This approach could be used to provide tactile sensation

for a prosthetic limb, restore a sense of sight in those with cortical visual impairment,

or recruit intact cortex to take on the lost functionality of damaged regions of the

brain. Importantly, developing devices that best serve these patient populations re-

quires deepening our understanding of the mechanisms underlying the brain’s ability

to incorporate information from a sensory prosthesis. Much of the current literature,

however, focuses on behavioral and perceptual endpoints rather than changes in the

brain at the mesoscopic level.

To that end, this dissertation aims to address that gap by characterizing the

emergence of distributed representations of artificial sensation following the use of

a cortical sensory prosthesis. Prior research has shown that adult rats could use

a microstimulation-based sensory neuroprosthesis that projected information about
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the infrared (IR) environment onto the barrel fields of primary somatosensory cortex

(S1). Equipped with this prosthesis, rats quickly learned to perform a four-choice

IR discrimination task with proficiency comparable to that attained in an analogous

visual discrimination task. This research established a useful paradigm for studying

how the brain adapts to incorporate new sensory information projected directly onto

cortex. The original research presented in this dissertation thus utilizes this paradigm

for investigating how brain regions distal to the site of stimulation represent the

stimulation patterns delivered by the prosthesis.

For this dissertation, I first discuss the response of two areas directly coupled

to S1: the ventral posteromedial nucleus of the thalamus (VPM) - the main input

nucleus to S1 and recipient of extensive corticothalamic feedback from S1 - and the

posteromedial nucleus of the thalamus (POm) - a modulatory nucleus in the par-

alemniscal whisker pathway. Specifically, I quantify the stimulation induced response

in S1, VPM, and POm. Using recordings from hundreds of multi-units from each

region, the proportion of units found to have post-stimulus responses statistically

distinguishable from their corresponding baseline activities was 97%, 97%, and 99%

for POm, VPM, and S1, respectively. This indicates that the region of the brain

affected by electrical stimulation is not constrained to the site of stimulation, but in

fact downstream correlates interconnected to the stimulated region of cortex show

significant responses as well.

Next I compare the presence of IR receptive field maps and the relative distri-

bution of preferred stimulus orientations. Previously, it has been demonstrated that

S1 units develop preferred stimulation patterns. That is, individual units showed

variable firing rates depending on the direction to the IR source. This work repli-

cated that finding, but more importantly I found that emergent IR receptive field

maps are found in VPM and POm as well. This shows that not only do the thalamic

units respond to ICMS, but undergo experience-dependent plasticity that allows the
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thalamic nuclei to encode the stimulus and participate in the sensory processing of

the artificial sensation. A mutual information analysis was preformed to quantify

the degree to which these subcortical regions represent the pattern of stimulation

delivered to the cortex. The proportion of units found to have significant mutual

information values was 57%, 74%, and 69% for POm, VPM, and S1, respectively.

These results indicate that the artificial sensory information is readily encoded in na-

tive sensory processing circuits. Furthermore it suggests that the cortex can impose

significant influence over the receptive field characteristics of thalamic nuclei even in

the adult rodent brain.

Finally, I discuss the implementation of graph convolutional neural network (GCN)

models to decode the stimulus features from the neural activity recorded during pros-

thetic use. The best performing GCN model was able to achieve a peak classification

performance of 73.5% on a modified ordinal regression performance metric. Addition-

ally, by allowing the model to learn the adjacency matrix for the neural graph data,

the adjacency matrix inferred was found to provide a better representation of the

underlying neural circuitry encoding the artificial sensation compared to standard

techniques (i.e. cross correlation and mutual information). This further demon-

strated the observation that thalamic units participated in the processing of the new

sense. Because the adjacency matrix derived from training the GCNs reflects the

nodes that best improve the predictions of the stimulation patterns, the adjacency

matrix also serves as a method of deriving connectivity measures for the recorded

units. The interpretation of these results represents a novel approach to determining

functional interactions and the effective circuits involved in processing a new sensory

modality.
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1

Introduction

1.1 Rationale

In this dissertation, I investigate how the rodent brain represents artificial sensory

information provided through a cortical prosthesis during a sensory-augmented nav-

igation task. The initial motivation for this project was to characterize the effect on

distal brain areas when a new sensory modality is projected directly onto sensory

cortex via electrical stimulation. Electrical stimulation of nervous tissue to treat

various indications such as pain or peripheral sensory deficiencies has been used for

decades (Clark et al., 1977; Wilson et al., 1991; Macherey and Carlyon, 2014; Zrenner

et al., 2010; Rizzo et al., 2003; Da Cruz et al., 2013; Dorn et al., 2013; Duncan et al.,

2017; Nirenberg and Pandarinath, 2012), but recent research interests in the use of

more advanced techniques and devices for direct electrical stimulation (DES) of the

central nervous system (CNS) to restore, augment, or modulate sensory or motor

functions has increased (Joucla and Yvert, 2012; Sugiyama et al., 2015; Lewis et al.,

2015; Deuschl et al., 2013). It has been argued that sensory prostheses that aim to

impart more complex sensations could benefit from the higher throughput capacity
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of the CNS (Hartmann et al., 2016; Salas et al., 2018; Andersen et al., 2014; De La-

fuente, 2018; O’Doherty et al., 2009; Lebedev and Nicolelis, 2006, 2017). Much of this

research has focused on behavioral and perceptual endpoints rather than neurophys-

iological changes at the level of neural circuits or has only investigated circuit-level

changes in anesthetized animal models.

The lack of research into the downstream neurophysiological effects of task rel-

evant DES thus motivated the research presented in Chapter 4 of this disserta-

tion. This research seeks to address this gap by building off a previously established

model for studying intracortical microstimulation (ICMS) based sensory information

(Thomson et al., 2013; Hartmann et al., 2016; Thomson et al., 2017). Specifically,

recordings were made in the thalamus of animals equipped with a four infrared (IR)

light sensor prosthesis once they achieved proficiency with the device in a task where

they had to localize IR sources in their environment. The second component of

this work uses the data collected from the IR experiments to train a Graph Con-

volutional Network (GCN) model to predict the stimulation parameters from the

neuronal activity as well as infer functional interactions between recorded regions.

Given the dense interconnections between thalamus and sensory cortex (De-

schênes et al., 1998; Nicolelis and Fanselow, 2002a; Alitto and Usrey, 2003; Hirai

et al., 2018; Temereanca and Simons, 2004), the thalamus presented a logical first

location for characterizing information flow from primary somatosensory cortex (S1)

to distal sites. For most endogenous sensory systems, the thalamus plays an integral

role in sensory processing, including serving as a relay, coordinator, and modulator

of information flowing to sensory cortex (see Section 2.1). Compelling evidence has

also accumulated indicating the thalamus’s role in multisensory processing and as a

transcortical relay (see Section 2.1.4). How it participates in the integration of an

artificial sensory modality, however, is not well characterized. In fact, little work has

been done to determine how much of the brain participates in processing an artificial
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sensation delivered under task relevant conditions.

Thus this research makes two major contributions to the study of cortical sen-

sory prostheses as well as to the investigation of fundamental questions pertaining

to adult neuroplasticity and neural organization. The first part seeks to characterize

how learning to use an ICMS-based neuroprosthesis results in the emergence of new

sensory representations in cortical and subcortical regions of the brain. Specifically,

I seek to do this by determining the percentage of recorded units, at sites connected

to the region of stimulation, that carry information about the stimulus pattern deliv-

ered at a given time. Importantly, such improved understanding of the downstream

signal processing that takes place when projecting sensory information directly to

the cortex will contribute to the development of next generation sensory prostheses

which seek to promote embodiment of a synthetic limb or internalization of a new

sense (O’Doherty et al., 2011; Salas et al., 2018; Tabot et al., 2013; Andersen et al.,

2014; Dadarlat et al., 2015; de Abril et al., 2018; O’Doherty et al., 2009).

In the second part, I propose, in collaboration with Vivek Subramanian, a new

method for decoding sensory information in the brain that also reveals functionally

effective circuits involved in processing that information. By implementing a GCN

model for extracting stimulus features from neuronal activity, the adjacency matrix

inferred by the neural network model reveals the connections between nodes most

pertinent to predicting the sensory information. This represents a novel technique

for determining the underlying graph representation of neural circuits involved in a

particular sensory processing function.

1.2 Organization of chapters

In this chapter, I introduced the aims of the research covered in this dissertation and

addressed the current gap in the literature. Specifically, there is at present a lack of

research investigating how much of the brain participates in processing an artificial
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sensation. While the current state-of-the-art in neuroprosthetics is able to achieve

remarkable results in some clinical and experimental settings, the full implications on

the nervous system remain unknown. That was the initial motivation for pursuing

the research discussed in this dissertation.

To that end, I initially cover the background necessary for framing the original

research presented in the subsequent chapters. The research conducted lies at the

nexus of several distinct disciplines warranting extensive background of a broad set of

topics. Neuroengineering is by its nature a cross-disciplinary field at the intersection

of neuroscience and neurobiology, electrical engineering, as well as statistical analysis

and signal processing.

The following chapters are thus organized as follows:

Chapter 2 provides a broad overview of what is known about the thalamus. I

provide a review of the thalamus in order to illustrate its fundamental importance to

sensation and sensorimotor processing, and I cover what we know about its role in

processing for native sensory modalities. Chapter 3 provides a review of the rodent

whisker system and specifically emphasizes the vital role this rodent model has played

in delineating sensory processing and coding strategies in the brain.

Chapter 4 describes the characterization of thalamic responses to task-relevant

stimulation delivered by a cortical sensory prosthesis. This work builds off of prior re-

search which established the infrared-sensing prosthetic system as a useful paradigm

for studying animal behavior. Having previously demonstrated the ability of adult

rats to incorporate a new sensory modality delivered directly to cortex, the research

in Chapter 4 demonstrates the neurphysiological consequences of training with that

prosthesis on subcortical sites.

Many individuals made contributions to that research which laid the ground-

work for the work presented here. Eric Thomson (E.T.) conceived of the original

IR project. E.T. and Miguel Nicolelis (M.A.L.N.) authored the original papers on
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this system. E.T. wrote much of the task control software in MATLAB with some

additions provided by Ivan Zea (I.Z.), and Joseph O’Doherty helped with the exper-

imental design as well as hardware and software development. Gary Lehew (G.L.)

and Jim Meloy (J.M.) built the behavioral chamber, multielectrode arrays, and the

pneumatic water reward system. J.M. designed and built the IR prosthetic housing

and wiring. Tim Hanson and A. Fuller designed and built the stimulators for the

prosthesis.

The majority of the training and experimental sessions analyzed for this research

were conducted by myself. Others assisted with training the rats and running ses-

sions, most notably Gautam Nayar (G.N.). The original proposal to record in the

thalamus was conceived and written by G.N. All surgeries for animals used in this

work were completed by myself. I coded all the programs and executed all analysis for

this project with consultation from E.T. as well as from I.Z. and Jaehong Park (J.P.).

The code written by E.T. and I.Z. for analyzing the past IR projects was extensively

consulted when writing the analytical programs for this project. Additionally, I pre-

sented a poster on a component of the work at the Society for Neuroscience (SfN)

annual meeting in 2017.

Chapter 5 discusses the implementation of GCN models for extracting stimulus

features from neural ensemble data recorded during the IR task. The original con-

ception of the project was Vivek Subramanian’s (V.S.) and mine, stemming from a

discussion on using machine learning to decode neural activity. All data used for

this work were collected by myself. Dhanasekar Sundararaman (D.S.), Hongteng

Xu (H.X.), and others from Lawrence Carin’s (L.C.) lab group at Duke provided

significant consultation. Pre-processing of the data was completed by D.S., V.S. and

myself. V.S. and I wrote the manuscript (unpublished) for this project. We received

editing suggestions from H.X., L. C., and M.A.L.N. V.S. coded and implemented the

GCN models on the Duke Compute Cluster. Analysis of the results was completed
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by V.S. and myself with some assistance from D.S.

Chapter 6 discusses the results from the work presented in Chapters 4 and 5,

contextualizes it within the current research, and proposes future directions.
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2

Role of the thalamus

2.1 Sensory processing in the thalamus

The importance of the thalamus as it relates to sensory processing has been recog-

nized for more than a century (Le Gros Clark, 1932). The thalamus is the gateway to

the cerebral cortex. All sensory systems, with the exception of olfaction, must relay

through the thalamus before reaching the corresponding sensory cortex (Sherman

and Guillery, 2006). This makes it one of the most important neural structures for

understanding how the brain receives environmental information. Classical research

on the thalamus has enshrined its primary role as a relay structure, but substantial

evidence reveals that it also plays a vital role in the integration and coordination

of multiple cortices and subcortical regions of the brain (see Section 2.1.4). It is

this mutlisensory and transcortical role that is of particular interest for the research

discussed in this dissertation as it would implicate an important role of the thalamus

for allowing a subject to adapt to a sensory prosthesis. In other words, the subject

can only act on the sensory information being provided through the prosthesis if

the features of the stimulus are processed, executive functioning determines its re-
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Figure 2.1: Thalamus serves as a critical relay for sensory information.
(A) Representation of two pathways for sensory information flow from the sensory
organs to the corresponding sensory cortex. Tactile information (red) from the pe-
riphery is transmitted through spinal dorsal root ganglia to the dorsal column nuclei
in the brain stem to the ventral posterior lateral (VPL) nucleus of the thalamus be-
fore reaching the somatosensory cortex. Visual information (purple) from the retina
travels through the optic nerve to the lateral geniculate nucleus (LGN) before reach-
ing the visual cortex. (B) Representation of the major subdivisions of the thalamus
and the symmetric formation about the midline. Republished with permission of
McGraw-Hill Education, from Kandel et al. (2013); permission conveyed through
Copyright Clearance Center, Inc.
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ward value, and motor plans are constructed to drive behavior to act on the sensory

information.

Here I will discuss what we know about the functioning of the thalamus in or-

der to frame the interest in understanding its role in artificial sensory informaiton.

The role the thalamus plays in sensory processing can be delineated based on its

anatomy, response properties, and adaptation to new sensory information. In total,

the more evidence that accumulates about the thalamus the more it appears to serve

an important gating function, rather than simply relaying, for determining whether

information passes to the cortex (Sherman and Guillery, 1996). For instance, thala-

mic relay neurons can operate in two firing modes which allow for detailed analysis,

when novel stimuli are presented or continuous relay, under usual conditions when

the stimulus is unchanging (Guido et al., 1995; Sherman and Guillery, 1996).

2.1.1 Anatomy

The thalamus is a small symmetrical structure centrally located about the midline of

the brain. Postmortem analyses and early crude staining techniques, including the

Marchi method of staining degenerating myelin, revealed several distinct groupings

of neuronal populations, or nuclei, based on the afferents they received. This early

work gave us the classical understanding of the thalamus as a relay station to the

cerebral cortex. Le Gros Clark (1932) and Walker (1938) provide extensive review

of these early tracing studies focusing on the work of anatomists and comparative

histological examinations.

These gross histological methods have been updated to include more detailed

imaging and connectivity analyses. Research has identified that the thalamus is

composed of upwards of 50 distinct nuclei (for general subdivisions see Figure 2.2).

These cellular groups have largely been characterized by the primary afferents they

receive from peripheral sense organs, corticothalamic projections, and subcortical
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connections. From these nuclei extend thalamocortical projections to the cortex

corresponding to the sense information being relayed. In this way, the thalamus

shapes the receptive fields (RFs) of the given cortex as it is the hub from which

the information stems. RFs constitute, not only the region in stimulus space that

causes activation of the respective neuron, but also the structure of the stimulus

that must be presented in that region. For example, the auditory cortex processes

auditory information precisely because the medial geniculate nucleus (MGN) of the

thalamus conveys auditory messages originating from the cochlea to that portion

of cortex. Figure 2.1 further illustrates this flow with two additional examples for

somatosensation and vision. Developmentally and functionally, the thalamus serves

a critical role in sensory processing.

One important feature of the thalamus, which will be addressed further in Section

3.1, is that the nuclei maintain a topographic map in the organization of afferents

and the thalamocortical efferents (Sherman and Guillery, 2006). That is, the spatial

organization of the external sensory receptors can be mapped onto the spatial or-

ganization of the corresponding thalamic neuronal populations responding to those

receptors. In this way, the region of cortex projected to also maintains an orderly to-

pographic mapping of the sensory surface. This raises the question of whether or not

the backpropagation of sensory information projected directly to cortex will impact

the RFs of the thalamus. Will the cortically derived sensation alter the thalamic

topography and synaptic architecture or will the sensory information be parsed such

that the features are processed by the pre-existing circuits?

Basic types of cells

There are three basic types of cells in the thalamus which will be discussed further

below. Those are relay cell, interneurons, and reticular cells (Sherman, 2017). The

majority of cells in the dorsal thalamus are relay cells. Relay cells are those that
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Figure 2.2: Schematic depiction of the major nuclei of the the tha-
lamus (one hemisphere shown). Top illustration is a sagittal view through the
midline of a generalized primate brain with the thalamus colored (light brown).
Panels represent coronal slices at the planes depicted by the numbers at top (1-
5). First order nuclei (light blue) relay sensory and subcortical information to
cortex: AM =anteromedial; AV =anteroventral; LGN =lateral geniculate nucleus;
MGNv=ventral portion of medial geniculate nucleus; VL=ventral lateral; VPI,
VPL, VPM =inferior, lateral and medial portions, respectively, of ventral poste-
rior nucleus. Higher order nuclei (red) receive input from cortex and project
to other cortical areas: AD=anterodorsal; CM =centromedian; IL=intralaminar;
LD=lateral dorsal; MD=mediodorsal; MGNd=dorsal portion of medial geniculate
nucleus; PO=posterior; PU =pulvinar; VA=ventral anterior. Thalamic reticular nu-
cleus (TRN; purple) inhibits relay cells via GABAergic circuits. Adapted with per-
mission of The MIT Press, from Sherman and Guillery (2006), c©2006 Massachusetts
Institute of Technology.
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primarily carry information from a driving source (see Section 2.1.3) to the cortex via

glutamatergic pathways. These units typically branch off into the thalamic reticular

nucleus (TRN) en route to the cortex . Relay cells have several subtypes and are

typically distinguished by their RFs. Intrinsic inhibitory interneurons act upon γ-

aminobutyric acid (GABA) receptors and mostly have projections locally on other

dorsal thalamic relay cells. TRN cells also use GABA and project onto relay cells.

2.1.2 Response properties of thalamic nuclei

Although histological staining and tracing studies have long demonstrated the anatom-

ical relationship between various sensory systems and their corresponding thalamic

nuclei, electrophysiological techniques that used electrical stimulation of upstream

fibers were necessary to characterize the functional role of the thalamus. Interest-

ingly, there is considerable uniformity in the morphology and synaptic architecture

in thalamic nuclei across species, which will be discussed below.

Model thalamic nucleus: lateral geniculate nucleus

The history of characterization of the lateral geniculate nucleus (LGN) provides a

useful background for understanding the thalamus as its basic circuitry and other

features are representative of many thalamic sensory nuclei (Guillery and Sherman,

2002). Many of the structural features of LGN are found in other nuclei across species

including monkeys, cats, and rats: MGN (Jones and Rockel, 1971; Majorossy and

Kiss, 1976), the ventral lateral and ventral anterior nuclei (Aumann et al., 1994;

Grofova and Rinvik, 1974; Harding, 1973; Kultas-Ilinsky et al., 1980; Kultas-Ilinsky

and Ilinsky, 1991), the somatosensory thalamus or ventrobasal complex (VB) (Ral-

ston III, 1969; Jones and Powell, 1969b,a; Liu et al., 1995), and the anterior nuclei

(Somogyi et al., 1978). The comparable synaptic terminal appearances under the

microscope and common neurotransmitters used by their primary afferents make the
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Figure 2.3: Representative response traces for optic nerve and LGN cell.
Simultaneous recordings from optic tract fiber (small positive spikes) with ‘on’-center
RF and LGN cell from right layer A1 (large positive-negative spikes) with ‘off’-center
RF following 1 second light stimulus (bar above trace represents when stimulus was
active). Left panel shows stimulus presented. From top to bottom, centered light
spots with 1˝, 2˝, 8˝, and annular stimulus with 2˝ inner diameter and 8˝ outer
diameter. Reprinted with permission of John Wiley and Sons, from Hubel and
Wiesel (1961); permission conveyed through Copyright Clearance Center, Inc.

LGN a good model for other nuclei (Sherman and Guillery, 1996).

By varying the amplitude of stimulation delivered to the optic nerve, Bishop et al.

(1958) were able to excite individual neurons in the cat LGN with the response vary-

ing linearly with the magnitude of the stimulation. Continuing their groundbreaking

work on the visual system, Hubel and Wiesel (1961) investigated the RF properties

of LGN cells. Retinal ganglion and LGN cells were recorded in anesthetized cats as

spots of light of varying diameter were shone on a screen. This work revealed that

LGN units had RFs which resembled retinal ganglion cells with ‘on’ center and ‘off’

center variants (Figure 2.3).

Through the work of Hubel and Wiesel (1959, 1961), researchers could compare

response profiles for three successive stages of sensory processing in the visual sys-
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tem: retina, LGN, and striate cortex. This showed that each stage had RFs with

excitatory and inhibitory regions that were mutually antagonistic, LGN had concen-

tric RFs similar to retinal cells, and spatial topography was conserved. Additionally,

in spite of the similarities, LGN responses were not identical to those along the op-

tic nerve, leading the researchers to propose that LGN, rather than simply being a

“way-station”, was in fact integrating signals from multiple incoming signals. Later

Guillery (1966) appeared to provide further evidence of this by showing that some

types of LGN cells stained using Golgi’s method received inputs from multiple retinal

fibers. Hamos et al. (1987) clarified that retinal ganglion cells may synapse on more

than one target but ultimately they exhibit selectivity in regards to the LGN cells

they innervate, and further that the total number of retinal synapses per LGN cell

was fairly low, albeit commonly more than one.

Although the overall response profile (e.g. frequency, amplitude, spike timing) of

LGN units shows subtle differences as compared to retinal ganglion cells (Hubel and

Wiesel, 1961), the receptive field properties – that is the location in visual space and

stimulus structure that illicit measurable neuronal responses – are nearly identical to

their retinal inputs (Cleland et al., 1971; Bickford, 2016). That is in contrast to the

complex stimulus selectivity observed in primary visual cortex such as orientation

selectivity and direction of motion (Hubel and Wiesel, 1959, 1962). This increase in

the complexity of stimulus features that can be processed by the cortex is due to the

increased complexity in the architecture and interconnectivity of cortical ensembles.

Firing modes

Thalamic cell activity falls into two main categories, burst mode and tonic mode

(Sherman, 2017). This is largely due to the role of T type Ca2` channels densely

located at the soma and dendrites of thalamic cells, to a greater degree than other

cells (Levitan and Kaczmarek, 2015). The current through the Ca2` channels, IT ,
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causes a large depolarizing spike of upwards of 25mV (Sherman, 2017). IT is inac-

tivated unless the neuron is first hyperpolarized from rest for approximately 100ms,

at which point the Ca2` channel is considered de-inactivated (Jahnsen and Llinas,

1984a,b). While de-inactivtated, a strong enough excitatory postsynaptic potential

(EPSP) causes the cell to fire in burst mode. Otherwise, the cell responds with a

conventional action potential; this is termed tonic mode (Sherman, 2017, see Figure

2.4 for an illustration of the different firing modes). It has been found that the ratio

of signal to noise is improved during burst mode as compared to tonic mode (Guido

et al., 1995). This suggests that the different modes provide for differing levels of

analytical attention to a stimulus; that is, under burst mode, it is easier to detect

novel stimuli.

2.1.3 Organizational patterns

Summarizing these observations, Sherman and Guillery (1998) provided a framework

for evaluating thalamic circuitry by classifying inputs as “drivers” or “modulators”.

They define “drivers” as the inputs which determine the receptive field properties of

the terminal nuclei. “Modulators” are those that “[alter] the probability of certain

aspects of [the] transmission” of the inherited receptive field properties. In other

words, drivers are the primary source that determines the activity in the thalamic

nucleus. In the case of LGN, retinal inputs make up only about 5% of the synapses

despite being the drivers as discussed above (Cleland et al., 1971; Van Horn et al.,

2000). That means non-retinal inputs make up the vast majority of synaptic inputs,

which is what allows the thalamus to serve as an integrator of information and

participate in sensory processing rather than solely relay. The identification of drivers

in the thalamic pathway is important as it helps establish functional hierarchies in

sensory processing.

Drivers and modulators of thalamic nuclei can be distinguished by several crite-
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Figure 2.4: Firing modes of thalamic neurons. (A) EPSPs elicited when the
thalamic cell is at rest at -55mV which means the T type Ca2` channels are closed.
This response is considered tonic mode. (B) When the cell has been hyperpolarized
from rest, T type Ca2` channels are open, and EPSPs result in a burst of action
potentials, burst mode. (C) Response of the cell to increasing current injections
when it is voltage-clamped at different resting potentials. Reprinted with permission
of John Wiley and Sons, from Sherman (2017), c©American Physiological Society;
permission conveyed through Copyright Clearance Center, Inc.

rion formally delineated by Sherman and Guillery (2006). Thalamic afferents can be

classified under this framework based on their effect on RFs, type of postsynaptic

receptors, physiological effects, degree of convergence, and the structure and organi-

zation of axonal and dendritic arbors. (Guillery and Sherman, 2002; Sherman and

Guillery, 2006; Bickford, 2016).

Rose and Woolsey (1949) initially developed a means of categorizing thalamic

nuclei into intrinsic and extrinsic groups based on whether they received input from
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distal or proximal targets. With additional evidence revealing nuance to the inner-

vations of the thalamus, Sherman and Guillery (1998) provided an updated organi-

zational approach for differentiating thalamic nuclei. Specifically they defined first

order relays and higher order relays (see Figure 2.2 for classification of major nuclei).

These are defined principally by the source of the afferents that innervate them. First

order nuclei are driven by peripheral sensory receptors, mamillary bodies, and deep

cerebellar nuclei (Sherman and Guillery, 2006). Higher order nuclei, on the other

hand, get their driving input from the cortex, specifically from layer 5 pyramidal

cells (Sherman and Guillery, 2006; Bickford, 2016).

As it pertains to the research I will discuss in later chapters, I hypothesized that

the higher order nuclei innervated by the primary somatosensory barrel fields (S1BF)

corticothalamic projections will be the most likely to develop emergent representa-

tions of the artificial sensation. Furthermore, it is thought that these higher order

nuclei will participate in ultimately transferring the sensory information to other

targets needed for executing behavior driven by the stimulus (see Section 2.1.4).

Drivers

McCormick (1992) provides an extensive review of the postsynaptic receptors and

neurotransmitters used on postsynaptic thalamic relay cells. Afferents categorized as

drivers almost exclusively activate ionotropic receptors (Sherman and Guillery, 1998).

These fibers originate from the peripheral sense organs and subcortical structures

in the case of first order relay cells and layer 5 of cortex for higher order relays.

Ionotropic receptors are ligand-gated ion channels which are directly opened by the

binding of their respective neurotransmitter (Kandel et al., 2013). These receptors

are able to respond rapidly (approximately 5-10msec), resulting in fast, transient

evoked postsynaptic potentials (PSPs) (Sherman and Guillery, 1998). The fast PSPs

caused by driver inputs provide broadband temporal filtering that allows a wide range

17



of frequencies to pass (Sherman and Guillery, 2006).

In the case of drivers, the inputs are always excitatory and most commonly use

glutamate (McCormick, 1992). Responses in relay cells of the LGN of rats as a result

of electrical stimulation of the optic nerve have been shown to be fast EPSPs that

can be blocked by application of γ-d-glutamylglycine (DGG), a general excitatory

amino acid antagonist that blocks glutamate receptors (Crunelli et al., 1987), or

selective N -methyl-d-aspartate (NMDA) or non-NMDA antagonists (Sillito et al.,

1990). In a series of experiments by Salt (1986, 1987) and Salt and Eaton (1989,

1991), the precise contributions of NMDA and non-NMDA receptors to electrophys-

iological responses in vivo along the somatosensory pathway in anesthetized rats

were characterized using selective receptor antagonists. Specifically, it was demon-

strated that NMDA receptors mediate responses to long-latency natural stimulation

and non-NMDA receptors mediate the response to short-latency stimulation of pe-

ripheral receptors or electrical stimulation of afferents to the VB complex, which

is comprised of the ventral posterior medial (VPM) and ventral posterior lateral

(VPL) nuclei of the thalamus. Studies of the cat LGN and rat VB complex suggest

that every retinal or somatosensory axon can activate either α-amino-3-hydroxy-

5-methyl-4-isoxazolepropionic acid (AMPA) or NMDA receptors (Scharfman et al.,

1990; Turner and Salt, 1998; Sherman and Guillery, 2006).

Another characteristic of driver inputs is that repetitive stimulation of their

projections results in desensitization of the postsynaptic receptors at the thalamus

(Turner and Salt, 1998; Li et al., 2003; Sherman and Guillery, 2006, see Figure

2.5). This frequency-dependent depression is thought to contribute to information

processing by allowing the brain to dynamically adapt to rapid changes in sensory

input (Chung et al., 2002). By reconstructing the 3D morphology of retinogeniculate

(RG) synapses using serial ultrathin section electron microscopy and simulations of

transmitter diffusion, Budisantoso et al. (2012) showed that several RG projections
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converge on single dendrites of relay cells, these contacts have high probabilities of

release for glutamate, and that the complex glomerular structure (see Figure 2.6

inset) of these sites results in spill over of released glutamate. This increases initial

signal fidelity for strong incoming signals but also results in diminishing returns due

to the desensitization of AMPA receptors in neighboring release sites effected by the

spillover. A complete map of drivers in the primate thalamus using vesicular glu-

tamate transporters 1 and 2 confirms a criterion outlined by Sherman and Guillery

(2006) that drivers from different origins show little convergence in terms of thala-

mic targets and composition of excitatory inputs to these sites display considerable

variability (Rovó et al., 2012).

With the widespread use of electron microscopes, images of the thalamus have

shown that periphery afferents synapsed on their thalamic targets with stereotyped,

glomerular arrangements (Bickford, 2016, see Figure 2.6 inset). These synapses were

characterized by round, large terminals, leading them to be termed RL profiles (also

type or class II). This was found upon examination across different species span-

ning different orders, including squirrel monkeys and cats, for retinogeniculate tracts

(Szentágothai, 1963; Guillery, 1969; Pasik et al., 1973), trigeminal nucleus afferents

to VB (Ralston III, 1969; Ralston III and Herman, 1969), cochlear tracts to MGN

(Majorossy and Réthelyi, 1968), and corticothalamic projections to the pulvinar

(Majorossy et al., 1965; Mathers, 1972a,b). These projections form few of these so

called RL terminals on large caliber dendrites proximal to the soma (Figure 2.6).

Modulators

Upwards of 95% of all synaptic junctions located on thalamic relay cells are mod-

ulators (Sherman and Guillery, 2006). The form of modulation can be varied from

altering the gain of transmission of the driver inputs, affecting the sensitivity of the

thalamic relay cells, to affecting the conductance of potassium, calcium, or other
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Figure 2.5: Repetitive stimulation of driver input results in paired-pulse
depression. Representative traces from mouse POm unit following stimulation of
corticothalamic projection in layer 5 barrel cortex. (A) Evoked EPSPs in POm
following 300µA current injection in barrel cortex for unit held at different resting
voltages. (B) Train of stimulation pulses results in rapid adaptation such that sec-
ondary responses are diminshed (paired-pulse depression). (C) Ratio of secondary
response (A2) to initial response (A1) as a function of time between stimulation
pulses. Illustrates that secondary responses do not recovery to full amplitude of
initial response until ą160msec after initial pulse. Adapted with permission of The
MIT Press, from Sherman and Guillery (2006), c©2006 Massachusetts Institute of
Technology.

cations (Shepherd and Grillner, 2010; Jahnsen and Llinas, 1984a; McCormick, 2004;

Sherman and Guillery, 2006; Shepherd, 2004). Despite not directly determining the

RFs of thalamic neurons, the abundance of modulating inputs makes them particu-

larly important for understanding sensory processing in the thalamus. These inputs

come from layer 6 of neocortex, intrathalamic interneurons and reticular neurons, as

well as some brainstem sites. For the first order relay cells innervating the stimu-

lation site in the IR experiments discussed in Chapter 4, the increased activity in

their target afferent sites due to the electrical stimulation is hypothesized to result
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Figure 2.6: Generalized schematic of thalamic circuitry and synaptic rela-
tionships. (Top) Representation of common elements of thalamic circuitry. Afferent
fibers (Aff.) from the periphery synapse onto thalamicortical relay neurons (TCR)
which project to cerebral cortex. Intrinsic GABAergic interneurons (IN) and ex-
trinsic GABAergic reticular neurons (R) project intrathalamically onto TCR. (inset)
Drawing of glomerular complex at site of proximal dendrites of TCR where they re-
ceive large synaptic terminals (RL) from subcortical afferent fibers. These sites are
typically ensheathed by glial cells (G) which encompass presynaptic dendritic termi-
nals (PSD) of interneurons forming a triadic arrangement. Reticulothalamic axons
(R) are mainly located on the TCR dendrites although some terminals (F) may be
part of the glomerulus. Large numbers of corticothalamic terminals (C) form on
distal TCR dendrites with a smaller number terminating on PSD. Cholinergic affer-
ents (N.Sp.) from the brain stem synapse close to the afferent terminals. Adapted
with permission of Oxford Publishing Limited, from Shepherd and Grillner (2010),
c©2010 Oxford University Press, Inc.; permission conveyed through PLSclear.
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in inhibition of their activity as it is incongruent with the stimulation.

In contrast to driver inputs which act solely on ionotropic receptors and cause

rapid, large EPSPs, modulators can act on both metabotropic and ionotropic recep-

tors and result in small EPSPs as well as inhibitory postsynaptic potentials (IPSPs)

(Sherman and Guillery, 2006). Metabotropic receptors indirectly gate ion chan-

nels through second messenger metabolites within the cell, such as cyclic adenosine

monophosphate (cAMP), that activate protein kinases which go on to phosphorylate

the ion channels causing them to open (Kandel et al., 2013). Due to the nature of

metabotropic receptors, the response to opening of their associated ion channels can

be much more prolonged, even lasting for seconds.

For modulators acting upon ionotropic receptors, Chance et al. (2002) and Abbott

and Chance (2005) describe theoretical means by which such signals can alter the

gain of the driver input transmission. By introducing random Poisson background

synaptic input to an in vitro slice preparation, they were able to demonstrate that

the firing rate of somatosensory cortical cells varied in response to a constant driving

current as a function of the amount of background input (Chance et al., 2002).

Rather than the variable synaptic input to a cell being solely a source of noise,

the balance of excitatory and inhibitory inputs to a unit provide a means of gain

modulation (Abbott and Chance, 2005). Given the range of inputs on relay units in

the thalamus, this balancing mechanism of excitatory and inhibitory inputs for gain

modulation could certainly apply.

Figure 2.7 illustrates the impact of metabotropic glutamate receptors. Specifi-

cally, 2.7C shows that antagonists for ionotropic glutamate receptors have no impact

on the response to high frequency stimulation, whereas metabotropic glutamate rec-

ceptor antagonists do (Reichova and Sherman, 2004). This discrepancy in the re-

sponse facilitated by ionotropic and metabotropic glutamate provides a processing

mechanism for the CNS to distinguish between frequencies from sensory inputs. This
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makes the slow response of the metabotropic receptors function like low-pass tem-

poral filters for information transfer through the thalamus (Sherman and Guillery,

2006). Figure 2.7 also illustrates how modulators can serve to increase the response

to an incoming stimulus through paired-pulse facilitation. This function essentially

emphasizes the signal coming through allowing the cortex to increase gain through

the feedback projections.

Another difference between driver inputs and modulators shows up on exami-

nation of the synaptic terminals. In contrast to the large terminals observed with

drivers, modulators are characterized by small axons with round vesicles, therefore

labeled RS profiles (also type or class I) (Van Horn et al., 2000). These terminals

generally stem from cortical and brainstem targets. Other modulatory inputs come

from local inhibitory interneurons acting upon GABA receptors forming flattened

vesicles; these terminals are given the designation F in the literature with further

differentiation for axon terminals (F1) and dendritic terminals (F2) (Van Horn et al.,

2000; Sherman and Guillery, 2006; Bickford, 2016). Modulating inputs often inner-

vate the relay cells in the thalamus as well as the interneurons and reticular neurons.

In addition to the neurotransmitters discussed above, afferents to the thalamus

use acetylcholine, noradrenaline, serotonin, and histamine (Sherman and Guillery,

1996, 2006). Cholinergic projections from the brain stem activate nicotinic recep-

tors resulting in fast EPSPs as well as metabotropic muscarinic receptors, M1 type,

that result in a very slow, long lasting EPSP (McCormick, 1992). These brainstem

cholinergic inputs excite relay cells and inhibit the local thalamic inhibitory cells by

acting upon M2 type muscarinic receptors, thereby also resulting in disinhibition of

the relay cells (Sherman, 2017). Axons from the brainstem also appear to release

nitric oxide, although its effect is not well known (Bickford et al., 1993). Recent

evidence suggests it may impact prefrontal cortical mediated memory retrieval (Ka-

rimani et al., 2019). Noradrenergic axons from the brainstem and serotonergic axons
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from dorsal raphe nucleus innervate the dorsal thalamus as well as some reticular

cells (Morrison and Foote, 1986; De Lima and Singer, 1987; Fitzpatrick et al., 1989).

Figure 2.7: Repetitive stimulation of modulator input results in paired-
pulse facilitation. Representative traces from mouse POm unit following stimu-
lation of corticothalamic projection in layer 6 barrel cortex. (A) Evoked EPSPs in
POm following 70µA current injection in barrel cortex. (B) Train of stimulation
pulses results in graded response with subsequent EPSPs increasing in amplitude
(paired-pulse facilitation). (C) Representative experiments demonstrating the role
of mGluR1 in high-frequency signal processing. Recordings from POm units exposed
to MK-801 (NMDA antagonist) and DNQX (AMPA antagonist). Top trace shows
response to low frequency (13Hz) stimulation for 600msec is blocked. Second shows
normal response to high frequency (125Hz) stimulation for 600msec. Third and last
trace distinguish contribution of mGluR5 and mGluR1. MPEP (mGluR5 antagonist)
does not block response to high frequency stimulation (third trace) but LY367385
(mGluR1 antagonist) does (bottom trace). (D) Ratio of secondary response (A2)
to initial response (A1) as a function of time between stimulation pulses. Illustrates
the increase in response with short latencies between stimulation pulses. Reprinted
with permission of The MIT Press, from Sherman and Guillery (2006), c©2006 Mas-
sachusetts Institute of Technology.
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First order and higher order nuclei

A further organizational classification delineated by Sherman and Guillery (1998)

is that of first order and higher order relay nuclei within the thalamus. Essentially

the key differentiation between these types of nuclei are the source of their afferents.

First order nuclei are those that relay peripheral sensory information. These include

the LGN for relay information from the retina, MGN for auditory information, and

VPL and VPM for somatosensory information (Bickford, 2016). Higher order nuclei

are those that receive driving input from layer 5 of the cortex, the best example

being the pulvinar. These higher order nuclei implicate a potential route for corti-

cothalamocortical information transmission (Guillery and Sherman, 2002; Sherman

and Guillery, 2002). Higher order nuclei may provide a way for one cortex to be

made aware of what another cortex is doing (Sherman and Guillery, 1996).

2.1.4 Multisensory processing

Accumulating evidence indicates that the thalamus plays a multifaceted role in sen-

sory processing. Beyond solely functioning as a hub for sensory information, evidence

shows that it also modulates the flow of information as discussed above. The poten-

tial for a multisensory and sensorimotor role has also been supported by mounting

evidence (Ghazanfar and Schroeder, 2006; Hackett et al., 2007; Cappe et al., 2009a,b).

As a functional illustration of the potential to perform cross-modal integration, Ko-

mura et al. (2005) trained rats to perform an auditory task in which visual cues

were simultaneously presented but only the auditory cues were predictive of reward.

Interestingly, they found that whether the visual cue was congruent or incongruent

with the auditory cue modulated the firing activity of the auditory thalamic neu-

rons. Congruent cues led to enhanced auditory responses whereas incongruent cues

suppressed the auditory responses.

Additionally several lines of anatomical evidence for a multisensory role are dis-
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Figure 2.8: Transcortical circuit from S1BF to S2 through POm. VPM,
a first order (dark gray) relay, carries information from medial lemniscus to layer
4 of S1 barrel fields (S1BF). Layer 5B pyramidal cells send excitatory projections
to higher order (light gray) relay nucleus, POm. POm then relays S1BF activity
to layer 4 of S2. Reprinted with permission of Springer Nature, from Theyel et al.
(2010); permission conveyed through Copyright Clearance Center, Inc.

cussed by Cappe et al. (2009a, 2012). Using a combination of anterograde and

retrograde tracers in the same animal, Cappe et al. (2007, 2009b) showed significant

overlap of thalamocortical and corticothalamic projections to different sensory and

motor areas. For example, Cappe et al. (2009b) injected tracers in somatosensory,

auditory, and premotor cortical areas and found that the pulvinar nucleus in partic-

ular projected to all injected cortical sites. Projections to auditory and motor cortex

overlapped in some nuclei of the thalamus at rates of up to 30%. Cappe et al. (2007)

additionally demonstrated significant overlap in thalamic sites from corticothalamic

projections with those from layer 5 terminating in RL terminals typical of drivers,

suggesting feedforward control of the thalamus, and those from layer 6 in RS termi-

nals, suggesting feedback.

Nearly all drivers derived from the periphery to the cortex are paralleled by an
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indirect corticothalamocortical driver route through higher order relays (Sherman,

2017). Furthermore, Sherman and colleagues provide compelling in vitro evidence

of a transcortical route (see Figure 2.8) through the medial portion of the posterior

nucleus (POm) that is sufficient enough to drive activity in secondary somatosensory

cortex (S2) following S1 stimulation (Theyel et al., 2010). Theyel et al. (2010) elec-

trically stimulated S1BF and used flavoprotein autofluorescence to measure activity

in S1BF, POm, and S2 in response (Figure 2.9A). Following a lesion between S1BF

and S2, they found that electrical stimulation of S1BF continued to result in activity

in POm and S2 (Figure 2.9B); however, after lesioning POm, activity in S2 ceased

(Figure 2.9C).

Furthermore, they inactivated POm using an AMPA receptor antagonist (DNQX)

and demonstrated that stimulation of S1BF by microspritzing glutamate no longer

resulted in S2 activity, but after a washout of the DNQX, the activity in S2 returned

(Figure 2.9D-F). Taken together, this provides some of the strongest evidence to date

that corticocortical communication can be facilitated by feedforward driving circuits

through thalamus even in the absence of direct connections between the cortices

(Bastos et al., 2012). These results, in particular, suggest an important role of POm

in the thalamus in the transfer of artificial sensory information provided by a sensory

prosthesis to other cortical sites.
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Figure 2.9: Demonstrations of sufficiency for transcortical communication
facilitated by thalamus. In vitro mouse brain slices immersed in artificial cere-
brospinal fluid (ACSF) were stimulated in S1BF. Optical traces (insets) of amount
of fluorescence at pixel denoted by blue dot in S2 under each condition. (A) Elec-
trical stimulation of S1BF causes activation in POm and S2. (B) S1-stimulation
induced S2 activity is not removed following lesion of direct S1 to S2 connection,
but POm ablation silences S2 (C). (D) Microspritzing glutamate on S1BF results
in activity in S2. (E) Local application of DNQX on POm silences the response to
S1 glutamate spritzing. (F) Activtiy in S2 is returned in response to S1 stimulation
following washout of DNQX. (G) Maximum change in fluorescence during DNQX
treatment experiments during baseline, after DNQX application, and after washout
from 9 separate runs. (H) Mean change in fluorescence across the 9 runs in the 3
conditions. (I) Image of fluorescent tracer spritzed on thalamus to show the control
of injection of DNQX. Adapted with permission of Springer Nature, from Theyel
et al. (2010); permission conveyed through Copyright Clearance Center, Inc.
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3

Rodent Whisker System

3.1 Model system for studying sensory coding

The rodent whisker system, or barrel system, provides an excellent model for study-

ing sensory processing and functional circuits. The whole system from whiskers to

cortex has been carefully studied and well characterized anatomically and physio-

logically for endogenous sensory processing (Fox, 2008; Petersen, 2007; Erzurumlu

et al., 2010; Zakiewicz et al., 2014). From the whiskers to the barrel cortex, sen-

sory information is passed through three parallel pathways, each consisting of a

trisynaptic relay consisting of a trigeminal ganglion cell, trigeminothalamic neuron,

and a thalamocortical neuron (Yu et al., 2006). The remarkable somatotopy pre-

served at each successive stage have made it invaluable in research to understand

experience-dependent plasticity and the relationships between molecular and cellu-

lar neurophysiology and behavior. Somatotopy is defined as the mapping of the

spatial organization of external sensory receptors to the spatial organization of the

corresponding cortical neurons that process information from those receptors. In the

rat whisker system, the exquisite somatotopic organization is readily apparent upon
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histological examination (Figure 3.1).

Figure 3.1: Somatotopic organization of barrels in S1. (A) A flattened sec-
tion of the mystacial pad of a rat shows the characteristic organization of whisker
follicles and their common nomenclature (i.e. rows A-E from dorsal to ventral, arcs
1-7 from posterior to anterior, and the straddler whiskers α, β, γ, δ from dorsal to
ventral) (B) Cytochrome oxidase-stained barrel cortex shows the clear correspon-
dence between the cortical aggregates and the whiskers. The posterior medial barrel
subfield (PMBSF) represents the large vibrissae which are actively used in tactile
discrimination and exploration via whisking. (C) Cross-section of the cortical layers
in S1BF. Nissl staining make it so the boundaries of the barrels can be clearly seen
in layer IV (Woolsey and Van der Loos, 1970). (D) Nissl stained cross section of
barrel cortex with biocytin labeled pyramidal neuron. Reprinted with permission of
Cambridge University Press, from Fox (2008), c©K. Fox 2008; permission conveyed
through PLSclear.

The muzzle of the rat contains approximately three dozen large whisker follicles

on each side of the face (Fox, 2008, see Figure 3.1A). The stereotyped arrangement

of these follicles between individual organisms allows for systematic classification.
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There are five rows, labeled A to E from the most dorsal to the most ventral, with

four to seven arcs, labeled 1 to 7 from most posterior to most anterior (Carvell

and Simons, 2017). Additionally, there are four straddler whiskers (from dorsal to

ventral: α, β, γ, δ) posterior to the other follicles and straddling each row. These

vibrassae have direct one-to-one correspondence with aggregates of cortical neurons

in the somatosensory cortex.

By systematically making microelectrode penetrations in S1 while stimulating the

periphery, Welker (1971) was able to map the S1BFs. She found that each vibrissa

was found to be individually represented in the cerebral cortex by an aggregate

of cortical cells. The relative spatial relationship between the peripheral mystacial

vibrissae and their cortical representations were maintained. Larger, caudal whiskers

projected to larger cortical regions and vice versa. The most dorsal whiskers were

mapped to the most posterior cortical sites, ventral whiskers to anterior sites, caudal

to medial, and the most rostral whiskers the lateral portion of the S1BFs. These

aggregates are organized such that myelinated thalamocortical axons connect to a

surrounding distribution of unmyelinated cell bodies resulting in a “barrel” structure.

These can be visualized under a microscope unstained or with a Nissl staining de-

lineating the difference in cell density (Woolsey and Van der Loos, 1970; Fox, 2008).

After staining for cytochrome oxidase (CO), the densely packed mitochondria, which

compartmentalize high levels of CO, around the synapses from the thalamocortical

afferents cause the barrels to become even more apparent as shown in Figure 3.1B

(Land and Simons, 1985; Fox, 2008). Similarly, succinic dehydrogenase (SDH) largely

localizes at the thalamocortical terminals and can be stained to reveal barrels (Kil-

lackey and Belford, 1979). These barrels have been found to measure up to 300 µm

in length and 150 µm in diameter (Woolsey and Van der Loos, 1970). Layer IV is

approximately 100 µm throughout the barrel field which measures an area of about

2.76mm2 in rats (Woolsey and Van der Loos, 1970). Given the density (Beaulieu,
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1993) of neurons found in the cortex and the total volume of S1 (Zilles and Wree,

1995), it is projected that there are approximately two million neurons in somatosen-

sory cortex (Houweling and Brecht, 2008). It has been found that the part of the

barrel field in somatosensory cortex representing the macrovibrissae constitutes from

35% to 41% of the total S1BF (Woolsey and Van der Loos, 1970; Welker, 1971).

This somatotopic organization of cellular aggregates is maintained in the thala-

mus, where they are termed barreloids (Van Der Loos, 1976), and the brain stem,

where they are called barrelettes (Ma, 1991). An inverted representation of the

whiskers is carried to the brain stem via the trigeminal ganglion (see Figure 3.2).

Specifically the infraorbital branch of the maxillary nerve (ION) innervates the hair

follicles on the snout. Deflections of those whiskers cause action potential to travel

along the ION to ipsilateral brain stem along collaterals from the trigeminal gan-

glion to two primary nuclei, the rostral principal nucleus (PrV) and the caudal spinal

nucleus (SpV). PrV contains the barrelettes with distinct whisker representations.

From the brain stem, two separate routes project to the contralateral thalamus. PrV

projects to VPM where the whisker patterning is directly maintained. SpV project

to the POm nucleus in the thalamus. Finally, VPM serially copies this whisker rep-

resentation to the cortex. The number of associated layer IV neurons in the barrels

for a given whisker have been found to be proportional to the number of peripheral

fibers innervating that whisker (Lee and Woolsey, 1975).

Systematic analysis of transgenic animals suggest that the formation of these

one-to-one point correspondences at each stage are strongly determined by genetic

factors (Erzurumlu et al., 2010). In particular, transgenic mice with lowered NMDA

receptor function in fibers along the trigeminal pathway have been found to contain

shrunken face representations in subcortical trigeminal targets as well as in the cortex

(Lee and Erzurumlu, 2005; Lee et al., 2005). These results suggest an important role

of NMDA receptors in the development of the somatotopic maps, and furthermore
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Figure 3.2: Whisker processing from mystacial pad to cortex in the mouse
nervous system (which approximates the rat nervous system). Whisker patterning
shown color coded to illustrate the preserved somatotopy at each stage. The infraor-
bital branch of the maxillary nerve (ION) innervates the individual whisker follicles.
ION converges with other trigeminal ganglion collaterals before sending branches
to the rostral principal nucleus (PrV) and caudal spinal nucleus (SpV) in the brain
stem. PrV maintains a direct one-to-one mapping of the whiskers from the ipsilateral
snout. These cellular groupings are termed barrelettes. SpV projects to contralateral
POM. PrV copies the whisker representation to contralateral VPM, the barreloids.
VPM then projects to S1BFs. Reprinted with permission of Springer Nature, from
Erzurumlu et al. (2010); permission conveyed through Copyright Clearance, Inc.

that “bottom-up” sensory information flow has significant effect on the development

of those maps.

To test the contrasting potential for cortical influence on those maps, Zembrzycki
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et al. (2013) used transgenic mice that contained conditional knockout of Pax6 in

cortical-specific cell lines. Pax6 is a regulatory gene encoding a transcription factor

which directs neocortical development (Bishop et al., 2000). Pax6 knockouts are

found to have S1 maps with reduced body representations (Zembrzycki et al., 2013).

They showed that knockout of Pax6 in postnatal mice resulted in loss of body rep-

resentations even in animals which had already developed the normal somatotopic

thalamic maps as seen in wild type animals. That is, mice with normally patterned

thalamus had their thalamic representations altered to match the aberrant S1 map.

This compelling demonstration of “top-down” plasticity illustrates a process by

which the cortex can influence the arrangement of RFs in subcortical sensory areas.

As will be discussed in Chapter 4, the ability for a neurodevelopmentally matured

animal to incorporate a new sensory modality likely depends on top-down plasticity

which reshapes the RFs of thalamic nuclei. Given the organizational principles in

the thalamus discussed in Section 2.1.3, it was hypothesized that this reorganization

would be more likely to take place in higher order relay nuclei. The drivers, in

contrast, would most likely not alter their RFs but would be subject to feedforward

inhibition as a result of stimulation.

3.1.1 Somatosensory thalamus

Information from the whisker follicles is carried by the ION to the brain stem where

it follows diverging paths ultimately to the cortex (Yu et al., 2006). Two of these

pathways are the paralemniscal and the lemniscal. Additionally, the extralemniscal

pathway has been characterized (Pierret et al., 2000). Each is associated with a dif-

ferent thalamic nucleus. The paralemniscal and lemniscal pathways will be discussed

further below as they directly relate to the research presented in Chapters 4 and 5.
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Lemniscal pathway

The lemniscal pathway from the whiskers through PrV in the brain stem travels via

the medial lemniscus (ML) through VPM (Mo et al., 2017). In the rat thalamus,

VPM cells are exclusively excitatory (Nicolelis and Fanselow, 2002b). Thalamocor-

tical projections originating from VPM are considered drivers for S1BF (Mo et al.,

2017). They provide a stable relay of whisker information to S1. In accordance

with the criterion outlined in Section 2.1.3, VPM functions as a first order nucleus

connecting the sensory cortex, S1 in this case, to the peripheral sense organs, the

whiskers. The RFs are largely dominated by single whiskers – although some nuance

will be discussed in Section 3.2 – with the aggregates of neurons responding to a

particular whisker, the barreloids, made visible with CO staining (see Figure 3.3b).

Van Der Loos (1976) provided the first description of the barreloids of the VB of

the thalamus in young mice. They revealed that the arrangement of the barreloids

were topographically matched to the barrels of S1. The orientation of the barreloids

were found to be oblique to the standard stereotaxic planes. Sugitani et al. (1990)

used electrophysiological recordings to show the VPM barreloids of adult rats are

optimally visualized approximately 30˝ to the horizontal plane (this plane can be

viewed in Figure 3.3a). Haidarliu and Ahissar (2001) thus performed a detailed

examination of the size, shape, and arrangement of the barreloids by digitally recon-

structing CO stained mouse brain slices (see Figure 3.3). They found the dimensions

of the barreloids to be between 200 µm and 1000 µm in length with a diameter of

50 µm to 250 µm and that the barreloids are arranged such that they are stacked

in the dorsolaterocaudal direction with each barrel perpendicular to this access (see

Figure 3.3d).
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Figure 3.3: 3D reconstruction of VPM barreloids. (a) Digital stacking of
images of CO stained mouse brain slices with major axes labeled to reveal the orien-
tation of the cuts used to make the slices. (b) Higher magnification image of VPM
with barreloids visible. (c) Schematic drawing of the right hemisphere with the 3D
section where VPM barreloids are located outlined with a rectangular box. (d) 3D
drawing of barreloids as arranged in the rectangular box shown in (c). Barreloids rep-
resenting the straddler whiskers (α, β, γ, δ) are labeled for reference. R,D,L,C,SP,V
= rostral, dorsal, lateral, caudal, sagittal plane, and ventral, respectively. Reprinted
with permission of John Wiley and Sons, from Haidarliu and Ahissar (2001); per-
mission conveyed through Copyright Clearance, Inc.

Paralemniscal pathway

The paralemniscal pathway flows from SpV in the brain stem to POm in the thala-

mus (Mo et al., 2017). While VPM provides an accurate relay of trigeminal input,
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POm shows surprisingly weak responses to whisker deflections despite the trigeminal

input (Diamond et al., 1992). Lavallée et al. (2005) demonstrated using electrophysi-

ological recordings of anesthetized rats that the lack of response is due to feedforward

inhibition mediated by GABAergic input from the zona incerta (ZI). PrV and SpV

profusely innervates largely GABAergic ZI neurons (Lavallée et al., 2005; Lin et al.,

1990) which show short-latency responses to whisker stimulation. ZI then forms large

synaptic terminals on the dendrites of PO relay cells (Bartho et al., 2002), provid-

ing an efficient inhibitory pathway for shunting PO activity. Specifically, Lavallée

et al. (2005) found that lesioning ZI resulted in whisker-evoked EPSPs with fast rise

times in POm and further that lesioning S1 had no effect on this excitation. This

demonstrates the peripheral origin of the whisker-evoked excitation.

Urbain and Deschênes (2007) demonstrated that stimulation of vibrissal mo-

tor cortex suppresses whisker responsiveness in ZI, which would disinhibit POm

responses to whisker deflections. These results together suggest that POm forwards

sensory information to S1 in a manner contingent on motor instructions (Lavallée

et al., 2005; Urbain and Deschênes, 2007). This is consistent with the classification

of POm as a higher order nucleus which largely relays information between cortical

sites. POm’s role in modulating cortical firing is further supported elsewhere (Theyel

et al., 2010; Castejon et al., 2016).

Another source of inhibition of POm comes from VB cells. Crabtree et al. (1998)

demonstrated that stimulation of VPM cells results in inhibitory postsynaptic cur-

rents (IPSCs) in POm. They found that the observed reversal potential of GABAA

suggests the inhibition is facilitated via a disynaptic pathway from TRN cells.

3.2 Stimulus coding strategies in the whisker system

Given that sensory information must be contextualized in regards to both its spatial

and temporal features, the rodent brain must employ encoding strategies for both
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these domains (Ahissar and Arieli, 2001). Spatial encoding is largely determined by

the relative position of activated sensory receptors, and thus the spatial characteris-

tics of a stimulus are decoded based on the relative arrangement of cortical aggregates

for processing information from those receptors (see Figure 3.1). Temporal encoding

is determined by the precise timing of activations of the sensory receptors (Ahissar

and Arieli, 2001). The unique temporal patterns generated by whisking behavior

provides the animal a robust means of exploring its environment. Different stages of

the whisker system display different means of encoding these domains.

3.2.1 Sensing the environment with whiskers

The musculature surrounding the vibrissae allow the animal to produce a “whisking”

behavior in which it rapidly and rhythmically moves the whiskers back and forth to

sample the space around them (Brecht et al., 1997; Gao et al., 2001; Dörfl, 1982,

1985). Whisking, the alternating protraction and retraction of the whiskers, is used

for exploring the sensory environment, discriminating objects, and navigating (Brecht

et al., 1997; Carvell and Simons, 1990, 1995; Fanselow and Nicolelis, 1999; Berg and

Kleinfeld, 2003a; Kleinfeld et al., 2006).

This stereotyped, rhythmic motion likely stems from the regular oscillating activ-

ity of a central pattern generator (CPG) (Kleinfeld et al., 1999; Gao et al., 2001). Re-

moving sensory feedback through denervation of olfactory and tactile inputs (Welker,

1964), full or partial cortical ablation (Semba and Komisaruk, 1984), or decerebration

(Lovick, 1972) does not prevent the production of whisking behavior. Furthermore,

neither generation, patterning, nor bilateral coordination of whisking is disrupted

by bilateral deafferentation of ION (Gao et al., 2001). Sectioning ION also has no

effect on the spectral purity, the maintenance of a stable frequency, or the phase

relationship between intrinsic muscles, which rotate vibrissae forward, and the ex-

trinsic muscles, which shift the mystacial pad backwards, during whisking (Berg and
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Kleinfeld, 2003a). Taken together, this evidence strongly suggests that whisking is

under the control of a two-phase CPG (Berg and Kleinfeld, 2003a) with rhythm

generators influenced by or originating in the motor cortex (Berg and Kleinfeld,

2003b; Cramer and Keller, 2006), superior colliculus (Hemelt and Keller, 2008), and

brainstem (Moore et al., 2013, 2014; Hattox et al., 2003; Cramer and Keller, 2006).

The whisker system is a vital part of the rat’s sensory experience and allows

for fine discrimination of textured surfaces as well as gross spatial characterization

of distinct objects and features (Carvell and Simons, 1995). The precise timing

with which their whiskers make contact with an object and the frequency engaged

during whisking behavior determines the degree of discrimination the animal is able

to achieve (Carvell and Simons, 1990, 1995).

In controlled experiments, the rats tactile discrimination has been proven to

compare to that achieved by primates using their fingertips (Carvell and Simons,

1990). The proportion of the cortex dedicated to whisker information relative to

the body provides a clear indication of the priority placed on the whisker system

for sensory processing (see Figure 3.4 for a mouse body depicted proportional to the

area of S1 dedicated to each body part). The vibrissae are a unique follicle which can

be distinguished by the length and diameter relative to other hairs, dense connective

tissue and blood supply, and the musculature described above which allows for the

active whisking behavior (Vincent, 1913).

The loss of the whiskers significantly diminishes the animal’s ability to carry out

a number of tasks including navigation. Vincent (1912) provided an early demon-

stration of this fact by clipping the whiskers and observing the rat’s performance

in a maze. Interestingly, they could still achieve peak proficiency with just one half

of the whiskers clipped, but their behavior became noticeably altered. They would

preferentially stay in close contact with the wall located on the same side as the

intact whiskers. The sensitivity and discriminability of the whisker system is further
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Figure 3.4: Rodent body depicted proportional to cortical somatosen-
sory representations. The ‘mouseunculus’ shows the relative amount of cortex
in S1 dedicated to processing sensory information from the corresponding regions of
the body. The pink and brown areas represent the macrovibrissae. Adapted with
permission of Springer Nature, from Zembrzycki et al. (2013); permission conveyed
through Copyright Clearance, Inc.

emphasized by the degree of innervation of each follicle. Meticulous dissection of the

mystacial pad reveals that up to 150 nerve fibers innervate a single tactile whisker

with many other sensory endings at the surface around the hair (Vincent, 1913).

3.2.2 Stimulus encoding in first order sensory neurons

Using anesthetized rats, Zucker and Welker (1969) examined the receptive field prop-

erties of single units in trigeminal ganglion. Using delicate manipulations of the

individual vibrissae and surrounding facial region, they found that a majority of

units respond to stimulation of the whiskers, whereas the surrounding common hairs

failed to elicit a response. Additionally, they showed that those that responded to

vibrissae were activated by only a single whisker. Next they used stimulation of the

facial nerve to create movement similar to that observed during whisking behavior.
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Whisker motion evoked by facial nerve stimulation was found to only activate ap-

proximately 50% of the recorded units. Placing a barrier in the path of the moving

whiskers, however, caused synchronous firing in up to 90% of the units. This suggests

sensorimotor transformations following the activation of the facial muscles result in a

forward model, or corollary discharge, that inhibits self-generated sensory responses

even at the level of the trigeminal ganglion. The magnitude of the overall response

to whisker deflections in the trigeminal tract thus appear to be, at least partially, a

function of the divergence from the expected whisker trajectory based on the motor

command.

Finally, using an electronically-controlled mechanical stimulator to produce pre-

cise perturbations of the whiskers, Zucker and Welker (1969) were able to evaluate

the response dynamics of the trigeminal units as a function of a range of mechani-

cal aspects. In this way, they found that these first order neurons of the peripheral

nerve were able to encode the following mechanical kinematic properties of the stimu-

lus: peripheral location, deflection direction, onset, termination, amplitude, velocity,

duration, repetition, and temporal pattern.

3.2.3 Nonlinearities and dynamic processing schemes

Generally, active whisking behavior includes exploratory whisking (5-15Hz), foveal

whisking (up to 25Hz), and texture differentiation where rats vibrate their whiskers

up to 1kHz (Kleinfeld et al., 2006; Mehta and Kleinfeld, 2004; Moore, 2004). Sensory

neurons throughout the barrel system are able to follow the frequencies during ex-

ploratory and foveal whisking activity with frequency-matched precision (Deschênes

et al., 2003; Hartings et al., 2003; Ahissar and Arieli, 2001). This allows for touch

signals to be precisely timed. Animals use this type of behavior to search for and pal-

pate objects. When the animals vibrate their vibrassae for texture discrimination,

however, the high frequency signals are followed by trigeminal units (Gottschaldt
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et al., 1972; Jones et al., 2004) but not cortical cells (Arabzadeh et al., 2005; Khatri

et al., 2004). Although high frequency firing rates have been observed in cortical

cells (Staba et al., 2005; Barth, 2003), a different coding strategy is employed for

processing high-frequency stimuli in the whisker system.

Cortical responses in S1BF to incoming sensory signals increase monotonically

with the rate of the stimulus features roughly following a logarithmic function (Klein-

feld et al., 2006; Engel et al., 1999; Arabzadeh et al., 2005, 2003; Mehta and Kleinfeld,

2004). Thus for high frequency inputs, S1BF encodes the stimulus through an irreg-

ular spiking process reflecting a logarithmic compression of the stimulus frequency

(Kleinfeld et al., 2006). Arabzadeh et al. (2005) illustrated that spike counts in the

cortex are proportional to the “equivalent noise level,” or the average of the prod-

uct of the amplitude and frequency of texture-induced vibrations. To differentiate

between textures with similar overall levels of coarseness, cortical units produce dis-

tinct temporal spiking patterns that correspond to the specific sequence of sticks

and slips of the vibrissae as they sweep across a textured surface (Arabzadeh et al.,

2005). Thus textures with unique kinetic signatures, velocity profiles and velocity

spectrograms, can be decoded in the cortex by the unique spike counts and spiking

patterns generated.

Time-varying, multi-whisker responses in the lemniscal pathway

In the lemniscal thalamus, Nicolelis and Chapin (1994) demonstrated that the en-

coding of whisker information in VPM reflects a dynamic spatiotemporal process.

Using simultaneous recordings of single neurons across VPM in awake and anes-

thetized rats, they found that, despite the exquisite somatotopic organization, VPM

neurons nevertheless exhibited complex multi-whisker RFs. Specifically, they found

that VPM units had significant responses to stimulation of as many as 20 single

whiskers, usually with one prominent central whisker and significant responses to up
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to 18 of the surrounding whiskers.

Through careful quantitative reconstruction of the RFs, Nicolelis and Chapin

(1994) demonstrated that many VPM cells had RFs that shifted over post-stimulus

time. VPM cells with short-latency RFs centered in caudal whiskers (e.g. C1, D1)

shifted their RF centers rostrally in a time-dependent manner. In contrast, VPM cells

with rostral RFs (e.g. C4, D4) during short-latency responses were much less likely to

show a time-dependent shift and had RFs encompassing the least number of whiskers.

These two types of cells could be statistically distinguished by their short-latency

RF center locations, RF sizes, and magnitude of RF center shift. These results

together with Nicolelis et al. (1993) reject the notion of a location-based coding

scheme throughout the rat lemniscal pathway. The difference between the short-

latency and long-latency RFs suggests that the spatiotemporal RFs are a result of

asynchronous convergence of afferents from ascending and descending pathways. This

dynamic processing of sensory information shows that different coding strategies are

employed at each level of the somatosensory network and that peripheral information

is not solely relayed as a serial copy through each stage in the lemniscal pathway.

Additionally the time-varying responses exhibited by the shifting RFs supports a

critical role for the cortex in shaping thalamic response properties.

Sensory transformations through lemniscal and paralemniscal pathway

Ahissar et al. (2000) recorded neuronal activity at three different stages of the lem-

niscal and paralemniscal pathway in anesthetized rats while stimulating the whiskers

using air puffs. They showed that the POm processes whisker stimulation in parallel,

rather than in series, with VPM by comparing the average onset of whisker responses

in POm to lemniscal substrates. Specifically, they found that POm activity preceded

activity in layer IV of S1, the primary cortical target of the lemniscal pathway, as

well as layer Va and Vb.
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By exposing the whiskers to continuous airpuffs at varying frequencies (2, 5, and 8

Hz), Ahissar et al. (2000) demonstrated that VPM and POm perform different trans-

formations of ascending brainstem input in order to represent the different stimulus

frequencies. Both VPM and POm have decreased spike counts with increasing fre-

quencies at steady-state, but whereas VPM units modulate their amplitude, POm

units exhibit delayed onsets and constant offsets with increasing stimulus frequency.

Cortical targets responded in a manner that mirrored the respective thalamic inputs.

These responses reflect a rate code in both pathways, in the form of modulated

spike counts, and a temporal code in the paralemniscal pathway by the increasing

latencies. Ahissar et al. (2000) suggest that the rat whisker system utilizes a parallel

processing scheme such that spatially encoded information, the specific location of

activated whiskers, is readily decoded by the lemniscal pathway, and temporally

encoded information, changes in frequencies of whisker activations, is decoded by

the paralemniscal pathway.

Multi-whisker integration in the cortex

While using an electromechanical stimulator to systematically manipulate individual

whiskers, Simons and Carvell (1989) recorded from hundreds of units in the thalamus

and S1BF. The stimulator allowed them to test the effect of displacing the whiskers

at different angles. A much greater percentage of thalamocortical units were well-

tuned than cortical units. That is, units in the VB complex of the thalamus were

more likely to exhibit angular selectivity than those in the barrels. In both the

cortex and the thalamus, well-tuned units produced a greater number of spikes for

their preferred angle than poorly tuned cells. This suggests division between areas

that provide general sensory analysis and those that provide precise decoding.

Additionally, Simons and Carvell (1989) were able to manipulate multiple whiskers

at the same time. By doing so, they found substantial differences between cortical
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and thalamic units. Although present in the cortex, the thalamus had two to three

times as many units that displayed multi-whisker RFs amongst the recorded units.

Cortical units were more likely to have focused excitatory centers, and they showed

rapid adaptation, suppressed responses, to repetitive stimulation of their principal

whisker. Furthermore, displacement of adjacent whiskers caused inhibition of cor-

tical units in response to subsequent displacement of their principal whisker. The

degree of response suppression was found to be dependent on the whisker that was

displaced and the angle of the displacement. A majority of cortical units showed

some level of response suppression to all adjacent whiskers.

Despite fewer cortical units with multi-whisker RFs overall, 100% of fast-spiking

cortical cells did have multi-whisker RFs. The authors theorize that the underlying

circuitry in the barrel cortex transforms the incoming thalamocortical signals into a

spatial code that enhances contrast between adjacent whiskers and a temporal code,

through the excitatory surround inhibition, which provides information about the

sequence of whisker deflections (Simons and Carvell, 1989). These results suggest

that integration of incoming whisker signals occurs in S1BF.

In order to make sense of its environment, a rat’s brain must integrate incoming

sensory information from both sides of its sensory space. The presence of cortical

integration of paired contralateral whisker stimulation (Simons and Carvell, 1989;

Brumberg et al., 1999; Fanselow and Nicolelis, 1999) thus led Shuler et al. (2001)

to investigate whether ipsilateral whisker stimulation is also integrated in the cor-

tex. Homotopic interconnections of whisker barrels across the hemispheres has been

shown to exist in callousal fibers (White and DeAmicis, 1977; Olavarria et al., 1984;

Koralek et al., 1990; Cauller and Connors, 1994) which provides a potential under-

lying mechanism for such integration. While recording from S1BF neurons, Shuler

et al. (2001) characterized the response to ipsilateral and bilateral multi-whisker

stimuli. They found that 95% of the recorded neurons had responses modulated by
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activation of ipsilateral whiskers, and furthermore that inactivation of the opposite

S1 prevented this modulation indicating that the integration of ipsilateral whisker

activation occurs at the level of cortex, rather than earlier stages. Shuler et al. (2002)

demonstrated that the interconnections between hemispheres in S1 facilitate the rat’s

ability to solve tasks requiring simultaneous usage of bilateral whiskers.
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4

Cortical and thalamic activations in response to
ICMS

4.1 Introduction

Intracortical micro-electrical stimulation (ICMS) delivered to sensory cortex has suc-

cessfully been used to elicit discriminable sensory perceptions in rodents, primates,

and humans (Butovas and Schwarz, 2007; Houweling and Brecht, 2008; O’Doherty

et al., 2011; Romo et al., 1998, 2000; Flesher et al., 2016; Hartmann et al., 2016;

Thomson et al., 2013, 2017; Salas et al., 2018; Talwar et al., 2002; Salzman et al.,

1990; Norimoto and Ikegaya, 2015). These results suggest a potential rehabilitative

application for ICMS in the restoration of lost sensory function, or even for augment-

ing an organism’s sensory repertoire (Hartmann et al., 2016; Thomson et al., 2013,

2017; Tabot et al., 2013; Kim et al., 2015).

Prior work in our lab has demonstrated that adult rats equipped with a novel

ICMS-based cortical prosthesis, which transduces infrared light (IR) into electrical

stimulation of S1BF, quickly learn to detect and localize IR sources in a four-choice

IR discrimination task (Hartmann et al., 2016; Thomson et al., 2013, 2017). Rats
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proficiently use the neuroprosthesis whether IR information is projected onto the

primary somatosensory (S1) or primary visual (V1) cortex, suggesting a general

principle of functional plasticity in sensory cortex (Thomson et al., 2017). This IR-

sensing prosthetic system provides an innovative paradigm for studying experience-

dependent plasticity and elucidating how the adult brain incorporates new sensory

information into ongoing sensory processes.

In the animals trained to use the system, electrophysiological recordings of cortical

neurons at the site of stimulation show robust responses to ICMS as well as IR recep-

tive fields (IR-RFs) reflecting a preferred direction for the IR stimulus (Hartmann

et al., 2016; Thomson et al., 2017). Animals implanted in S1BF, which processes

whisker deflections, have neurons that respond to both whisker deflections and the

presentation of IR (Thomson et al., 2013; Hartmann et al., 2016; Thomson et al.,

2017). Little is known, however, about the impact on distal brain areas when ICMS

is administered to awake-behaving animals in a behavioral task requiring interpre-

tation of the stimulation. The present research sought to elucidate this impact by

recording from the thalamus of rats trained to use the IR prosthesis. As a primary

relay between cortical and subcortical brain regions, enhancing the emergence of IR

representations in the thalamus may serve as an clinically beneficial endpoint target

for improving performance with a prosthetic device and promoting incorporation of

the sensory prosthesis into the natural sensory repertoire of the subject. Addition-

ally, improved understanding of information flow and downstream signal processing

will allow more effective stimulus pre-processing methods to match the properties of

the remodeled cortical and corticothalamic circuitry.

For this project, recordings were made in the ventral posterior medial (VPM)

and posterior medial (POm) nuclei of the thalamus. These nuclei exchange dense

thalamocortical and corticothalamic projections with S1BF and consist of similar

somatotopic maps making them logical sites for investigating distal effects following
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training with the IR prosthesis (Deschênes et al., 1998; Nicolelis and Fanselow, 2002a;

Alitto and Usrey, 2003; Hirai et al., 2018; Temereanca and Simons, 2004). Prior work

investigating corticothalamic activations have primarily been conducted in vitro or

used an anesthetized prep, which may not reveal the mechanisms involved in an

awake brain (Zhang et al., 2018).

4.1.1 Research aims

Thus the primary goals for this research were to:

1. Determine whether task-relevant stimulation modulates the spiking activity of

VPM or POm neurons in awake, freely behaving animals.

2. Quantify the proportion of units in thalamus and S1 that significantly encode

the stimulus features of the artificial sensory information.

3. Characterize the emergent receptive field properties of units encoding the ar-

tificial sensation.

To that end, objective 1 was assessed by comparing the distribution of spike

counts recorded during a baseline period to the spike counts recorded following the

stimulation pulse trains presented during a session. Two-sample Kolmogorov–Smirnov

tests were used to test the null hypothesis that the sample spike counts were drawn

from the same distribution. The p-values were generated to determine significance

levels. For objective 2, the mutual information between the stimulus patterns and

the corresponding spike counts recorded following each patterns presentation was cal-

culated. This provides an information theoretic measure for determining the amount

of information the neural spiking activity provides about the stimulus projected onto

S1BF. For objective 3, the spiking activity was mapped onto the stimulus space and

compared to the stimulus statistics presented across an entire session.
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This research aims to characterize how learning to use a cortical neuroprosthesis

results in the emergence of new sensory representations in cortical and subcortical re-

gions of the brain. This project demonstrates how the IR platform can be utilized to

study functional interactions in the awake, behaving brain. Improved understand-

ing of the downstream signal processing that takes place when projecting sensory

information directly to the cortex has implications for the development of next gen-

eration sensory prostheses which seek to promote embodiment of a synthetic limb or

internalization of a new sensory modality (O’Doherty et al., 2011; Salas et al., 2018;

Tabot et al., 2013; Andersen et al., 2014; Dadarlat et al., 2015; De Lafuente, 2018;

O’Doherty et al., 2009). Additionally, improved understanding of information flow

will allow more effective stimulus pre-processing methods to match the properties of

the remodeled cortical and corticothalamic circuitry.

4.1.2 Background

Electrical stimulation of nervous tissue as a therapeutic treatment has seen a major

increase in recent decades (Joucla and Yvert, 2012; Sugiyama et al., 2015). While

direct brain stimulation has become widely used in the treatment of motor diseases

such as Parkinson’s disease and even psychiatric disorders such as treatment-resistant

depression, prosthetics for treating sensory loss have primarily focused on peripheral

nervous system stimulation (Wilson et al., 1991; Macherey and Carlyon, 2014; Lewis

et al., 2015; Zrenner et al., 2010; Rizzo et al., 2003; Da Cruz et al., 2013; Dorn

et al., 2013; Duncan et al., 2017; Nirenberg and Pandarinath, 2012; Deuschl et al.,

2013; Mayberg et al., 2005). Sensory prostheses that aim to impart more com-

plex sensations, such as proprioception, or to create more naturalistic percepts will

benefit from the higher throughput capacity of the central nervous system (CNS)

(Hartmann et al., 2016; Salas et al., 2018; Andersen et al., 2014; De Lafuente, 2018;

O’Doherty et al., 2009; Lebedev and Nicolelis, 2006, 2017). Thus, understanding how
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the brain integrates such cortical prostheses into ongoing sensory processing streams

is paramount to the development of new prosthetics for treating sensory deficits.

Pioneering studies investigating functional plasticity showed that the modality of

thalamic and cortical cells is largely dependent upon the ascending inputs to those

areas (Sur et al., 1988; Roe et al., 1993). By inducing retinal cells to project to

auditory or somatosensory thalamic nuclei, medial geniculate (MG) and ventrobasal

(VB) neurons, respectively, developed visual responses (Sur et al., 1988; Roe et al.,

1993; Frost and Metin, 1985). In newborn ferrets rewired to have visual information

projected to MGN, neurons there developed oriented receptive fields reminiscent of

complex cells in primary visual cortex (V1), and furthermore, these new receptive

fields were found to mediate visually-guided behavior (Von Melchner et al., 2000).

These early studies, however, were confined to alterations made during early de-

velopment. Cortical prostheses for typical patients will require the adult brain to

undergo similar functional plasticity. Furthermore, while these studies demonstrated

the effects up to the cortex of projecting new information onto sensory thalamus, it

is not known how projecting a new modality onto cortex affects the thalamus.

Prior work in our lab demonstrated that adult rats could rapidly learn to interpret

infrared (IR) information projected onto their sensory cortices (Thomson et al., 2013;

Hartmann et al., 2016; Thomson et al., 2017). These results show that genetics do

not ensure a deterministic function for neocortex but that it is modifiable by the

modality of sensory input even into maturity. Equipped with a neuroprosthetic

intracortical stimulator, Thomson et al. and others have shown that rats can be

trained to track IR sources (Thomson et al., 2013; Hartmann et al., 2016; Thomson

et al., 2013) or to navigate a maze using a digital compass (Norimoto and Ikegaya,

2015). In prior studies, it was found that the stimulated region robustly responds

to ICMS and undergoes plasticity to form IR-RFs when using a four IR sensor head

mount in which each sensor is coupled to a spatially distributed microstimulating
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electrode (Figure 4.1C) (Hartmann et al., 2016; Thomson et al., 2017).

By controlling the connection between sensors and microstimulators, Hartmann

et al. (2016) found that rats learned best when the IR information was aligned with

the somatotopic map of the barrel field. That is, rats learned best when the front

sensors’ output was projected onto the anterior portion of the contralateral S1 and

back sensors to the contralateral posterior portion. This suggests that the native

anatomical connectivity patterns are important to the animals’ ability to learn to

use the prosthesis. Considering the dense corticothalamic feedback circuits between

S1 and thalamus, the connections between these areas were hypothesized to play an

important role in how effectively sensory information projected to cortex is integrated

and emergent representations are distributed throughout the brain.

The thalamus largely functions as a relay for various sensory systems, receiving

afferents from external sense organs and projecting efferents to the corresponding sen-

sory cortex (Deschênes et al., 1998; Nicolelis and Fanselow, 2002a; Alitto and Usrey,

2003; Nicolelis and Chapin, 1994; Hoogland et al., 1987; Bourassa and Deschênes,

1995; Bourassa et al., 1995; Deschênes et al., 1994; Killackey and Sherman, 2003;

Chmielowska et al., 1989). For every bottom-up thalamocortical pathway, there are

an abundance of top-down corticothalamic projections (Deschênes et al., 1998; Alitto

and Usrey, 2003; Temereanca and Simons, 2004; Reichova and Sherman, 2004). Some

anatomical evidence suggests that the thalamus may also function as a transcortical

relay, forming corticothalamocortical loops between sensory areas (Diamond et al.,

1992; Reichova and Sherman, 2004; Sherman and Guillery, 2002; Theyel et al., 2010).

Nonetheless, the thalamus plays an essential role in sensory processing and may even

coordinate multi-sensory integration and coordination (Alitto and Usrey, 2003; Tyll

et al., 2011).

The rat whisker system provides an ideal model for studying functional connec-

tivity as the natural circuitry follows a well-defined and well-characterized pathway

52



from whisker to cortex (Woolsey and Van der Loos, 1970; Van der Loos and Woolsey,

1973; Shuler et al., 2001). This in turn makes it an excellent system for elucidat-

ing experience-dependent plasticity that arises when new information is projected

onto the native sensory processing streams (Hartmann et al., 2016; Thomson et al.,

2013, 2017). Vibrissae are arranged in a grid on the mystacial pad with each follicle

innervated by peripheral nerve fibers (Woolsey and Van der Loos, 1970). Action

potentials evoked by deflection of the whiskers are carried via the trigeminal nerve

to the brain stem where the information principally follows two distinct pathways

to S1 (Deschênes et al., 1998; Land et al., 1995; Veinante et al., 2000; Woolsey and

Van der Loos, 1970; Van Der Loos, 1976; Ma and Woolsey, 1984; Towal et al., 2011;

Phelan and Falls, 1989; Mo et al., 2017).

The lemniscal pathway transits through VPM and projects to layer IV of S1 with

collaterals reaching layer Vb and upper VI (Land et al., 1995). Along this path-

way, neurons with receptive fields dominated by a single whisker are arranged in

homotopic aggregates, which are made clearly visible through various immunohis-

tochemical stainings (Van Der Loos, 1976; Ma and Woolsey, 1984). In the cortex,

these clusters are concentrated in layer IV and called “barrels,” owing to their shape

(Brecht, 2007). The topological position of the barrels is nearly identical to the po-

sition of the whiskers on the face (Petersen, 2007; Ma and Woolsey, 1984). Similar

clusters are found in VPM and the brainstem and are called ‘barreloids’ and ‘bar-

relettes,’ respectively (Van Der Loos, 1976; Haidarliu and Ahissar, 2001; Hayashi,

1980). This morphologically homologous arrangement makes the vibrassal system

extremely valuable to studies of sensory physiology and plasticity.

The paralemniscal pathway goes through POm and terminates in layers I-V (Di-

amond et al., 1992; Castejon et al., 2016). Given that the POm efferents surround

the S1 barrels, it has been postulated that POm allows communication between the

barrels (Diamond et al., 1992). It also participates in corticothalamocortical loops
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between S1 and S2, further supporting the importance of studying these areas to

determine how prostheses get integrated into the sensory repertoire (Sherman and

Guillery, 2002). POm topographic mapping mirrors VPM mapping but is more

diffuse and largely exhibits multi-whisker responsivity (Koralek et al., 1988). De-

spite being in the center of the ascending pathway from the whiskers, POm whisker

responses require S1 activation, making it a particularly interesting location for re-

vealing thalamic activations following ICMS of S1 (Diamond et al., 1992). This

project takes advantage of vibrassal circuitry to gain a better understanding of how

information from the IR prosthesis flows to subcortical areas of the brain.

4.2 Materials and Methods

4.2.1 Experimental Design

The objective of this study was to determine how artificial sensory information pro-

jected onto sensory cortex affects the thalamus. To that end, rats were surgically

equipped with a chronically implanted, ICMS-based prosthesis which projected infor-

mation about the intensity of IR light in their environment onto S1BFs. In addition

to recording from S1BF neurons, recordings were made in VPM and POm while the

animals used the IR prosthesis to perform a sensory discrimination task.

For this study, eight adult female rats (Rattus Norvegicus Domestica) of the

Long-Evans strain (Harlan Sprague Dawley Laboratories) were used. Rats were ap-

proximately 12 to 16 weeks of age at the beginning of training and weighed between

200 and 350g during the experimental period. All behavioral tasks and surgical pro-

cedures were conducted in accordance with the National Research Council’s Guide

for the Care and Use of Laboratory Animals and were approved by the Duke Univer-

sity Institutional Animal Care and Use Committee (IACUC). All handling, training,

experimental conditions, and veterinary interventions were administered so as to

minimize stress and discomfort.
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Animals were maintained under water deprivation during experimental periods.

Weights were recorded daily during this period to ensure animals maintained healthy

weight.

All eight rats were chronically implanted with multi-electrode arrays, consisting

of stimulating and recording microelectrodes, in the barrel fields of both hemispheres

of S1 (L, left; R right). Additionally each animal was implanted with two driveable,

cannulated bundles of recording microelectrodes in the thalamus, specifically tar-

geting VPM and POm, in the right hemisphere. Two microdrivers allowed each

bundle to be independently deployed from the tip of the cannulae in their respective

target sites. In total, each animal received 48 recording channels between the four

implantation sites.

Animals were trained to interpret the pattern of electrical stimulation delivered

to S1 to detect and localize IR sources in a circular behavioral chamber which they

could freely navigate. Four ports arranged along the circumference of the chamber

housed LEDs, which served as the stimulus for behavioral trials, and a recess where

a water spout terminated to facilitate reward. Single-unit (SU) and multi-unit (MU)

activity was recorded during the IR task using a wired multichannel acquisition

system. Recordings were made across 42 sessions with up to 200 trials per session.

Neuronal ensemble activity was analyzed off-line.

4.2.2 Data Treatment

In total, eight animals were implanted for this study. All eight achieved proficiency in

the IR task (85% correct trials for 5 consecutive sessions) in an average of 8 training

sessions (Figure 4.4). Recordings of neural activity were collected during a total

of 42 sessions (4.75 ˘ 1.7 sessions per animal). Each session usually ran between

30-60 minutes. Three recording sessions were excluded prior to the analysis (see

Section 4.2.2). Another three were removed post-processing due to containing data
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inconsistent with the other sessions (see Section 4.2.2). Each session consisted of

an average of 134 ˘ 29 trials for a total of 4,823 trials across all recorded sessions

included in this analysis.

Within a trial, the animals completed the IR localization task using stimulation

delivered intermittently (discussed further in Section 4.2.6; see Figure 4.3A). That is,

IR-intensity dependent ICMS was intermittently delivered for a stimulation duration

of 20-80ms followed by a recording period of 120-200ms until the animal selected a

stimulus reward port. Stimulus related spiking activity was collected during these

recording periods. Across all sessions with all animals, the average number of sub-

stimulation events per trial was 13.3˘6.6 for a total of 70,084 unique substimulation

events for analysis.

Technical outliers

• Technical issue corrupted digital events used for proper classification of stimulus

patterns (Animal B, 1 session).

• Performance in the discrimination task unusually low for trained animal (Ani-

mal F, 1 session).

• Excessive noise from recording prevented units from being extracted (Animal

G, 1 session).

• Stimulus duration throughout session inconsistent from trial to trial (Animal

F, Session 3; Animal F, Session 7; Animal H, Session 3).

Each animal was implanted with a total of 48 recording channels. In total, 1,354

MUs and 874 SUs were detected. 436 MUs and 160 SUs were collected in POm, 467

MUs and 321 SUs in VPM, and 451 MUs and 393 SUs in S1.

56



Figure 4.1: Behavioral design and characteristics of IR prosthetic system.
(A) Schematic of behavioral chamber used for visual and IR discrimination tasks.
Animals trained to initiate trials by pressing the central button. Four stimulus-
reward ports arranged 90˝ apart along the perimeter. (top-right) Each port consists
of a visual LED, an IR LED, and a conical recess where a water spout terminates.
(B) Frequency of pulse trains changed with the intensity of IR light in real time.
Pulses at a fixed current were delivered at higher frequencies as the IR intensity
measured at the sensors increased. (C) Schematic depicting the organization of
IR sensors (1-4) along headcap to the corresponding stimulation sites (N1-N4) in
bilateral S1BF. (D) Polar plot of sensor response as a function of angle to IR source
(red dot along edge). (E) Mean full-width at half-maximum (FWHM) of response
profiles for all four sensors when fixed at a given position in the chamber. Black
dot denotes the FWHM given the relative position to of each sensor to an IR source
depicted in D. (F) IR-intensity-to-frequency transform function follows a step-wise
exponential function. Intensity of each sensor transformed independently of the rest.
Adapted with permission from Hartmann et al. (2016).
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4.2.3 Behavioral Methods

Behavioral Chamber

All behavioral experiments and recordings were completed in a cylindrical chamber

(Figure 4.1A) with a diameter of 20 inches and mesh walls 36 inches tall. Blackout

curtains were positioned on all sides of the behavioral chamber to limit ambient

light from entering the chamber. The chamber consists of a central port and four

stimulus-reward ports (top-right, Figure 4.1A) along the circumference. The central

port contains a recessed hole with an IR photobeam projected across the recess onto

a light sensor. The outer ports were evenly spaced 90˝ apart along the perimeter.

A water spout terminated at a conical recess, or nose poke, in each of the stimulus-

reward ports.

These ports also contained an IR photobeam projected across the recessed hole.

These photobeams allowed us to register precisely when and which port was selected

by the animal as their paw or nose blocked the photobeam. At each stimulus port,

a visible LED and invisible IR LED (Opto Semiconductors Inc., Novi, USA) were

mounted above the recess such that light from the LEDs projected perpendicular to

the chamber walls toward the interior of the chamber. The IR LEDs emit light in the

range of 825nm and 1000nm with a peak emittance at 940nm, well outside the range

of vision for rats (Jacobs et al., 2001). The IR intensity drops to half-max at 120˝.

All task related activities including photobeam monitoring, LED activations and

deactivations, water delivery, stimulation parameters, and error tone were controlled

using custom scripts written in MATLAB (Mathworks, Natick, USA).

Visual Discrimination Task

Rats were initially trained on a visual discrimination task in order to acclimate them

to the behavioral chamber and to train them to use the nose pokes to break the

photobeams of the ports to make their selections. Training started by conditioning
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animals to poke the central port to initiate a trial, at which point a random visible

LED would be activated at one of the four stimulus ports. Selecting the port with the

activated LED (correct trial) triggered the release of a variable amount of water from

the corresponding spout and terminated the trial, deactivating the LED. Selecting

any of the other ports (incorrect trial) deactivated the LED, sounded an error tone,

and resulted in a timeout delay of 0.5 to 3 seconds during which the next trial could

not be initiated.

Training in the visual discrimination task continued until the animals reached a

criterion performance of 85% correct trials out of at least 150 trials in five consecutive

sessions. Once threshold performance was achieved, animals underwent implantation

of the stimulating and recording microarrays prior to training on the IR discrimina-

tion task.

IR Discrimination Task

Once a criterion level of performance was achieved in the visual discrimination task

(85% correct trials), surgery was performed to implant the recording and stimulating

multielectrode arrays for the IR prosthesis as well as the dual cannulated thalamus

recording arrays. After a minimum of one-week recovery time following surgery,

the minimum current thresholds for eliciting a robust change in spiking activity

at the stimulation sites were ascertained for each animal. The minimum current

threshold was determined with isoflurane-anesthetized animals. While under general

anesthesia, the baseline firing rates for each channel were noted. A script was then

run which delivered a 250 Hz train of pulses for 75 ms at currents incremented by

10 µA from 10 µA to 100 µA.

The neuronal response at each amplitude was evaluated as a function of the

baseline firing rate. The minimum current was set to be the lowest current necessary

to evoke a verifiable increase above baseline on an oscilloscope and through an audio
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monitor. This process was also used to determine which pair of potential stimulating

electrodes in each group would be used for the IR discrimination task. Generally,

the stimulating channel which had a lower minimum threshold was selected.

The IR discrimination task was carried out in the same chamber as the visual

discrimination task. To aid in the training process, animals were initially introduced

to the ICMS during combination trials in which both the visible and IR light sources

were activated at the correct port in a given trial (IR+Vis). These IR+Vis trials

began with the IR light alone coming on and therefore initiating ICMS. 400ms to

500ms later, the visible LED at the same port would be activated. The presentation

of the visible light was used to reinforce the association of the ICMS with the reward.

These IR+Vis trials were interspersed with trials in which only the IR light was

activated (IR only). On the first day of training, 20% of trials were IR only. Each

session, the percentage of IR only trials was increased until reaching 100% (full IR

session) by the fifth day of training.

The prosthesis delivers a graded sensory signal in the form of an ICMS pattern

delivered over a distributed region of the cortex. This provides the animal with real-

time directional information about the IR source. As evidenced in prior published

work with the IR task, I found that the animals are able to achieve discrimination

performance in the IR task comparable to the equivalent visible discrimination task

(Thomson et al., 2013; Hartmann et al., 2016; Thomson et al., 2017). Full IR sessions

continued until proficiency of 85% was reached for at least 100 trials over five sessions.

Once this level of proficiency was reached, I began recording neuronal activity during

the IR discrimination task.

4.2.4 Surgical Procedure

Surgical procedures used here follow the details provided by Oliveira and Dimitrov

(2008) and Wiest et al. (2007). Once the rats achieved threshold performance on the
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visual discrimination task, they underwent surgery to implant arrays of stimulating

and recording microelectrodes bilaterally in the barrel fields of S1 as well as two

cannulae of drivable microelectrode bundles in the VPM and POm nuclei of the

thalamus.

Rats were set in a sealed induction chamber and perfused with 5% isoflurane

(Patterson Veterinary, Greely, USA) and O2 supply gas using a veterinary-grade gas

vaporizer (Leica Biosystems, Buffalo Grove, USA). Deep anesthetic induction was

verified via tail pinch or toe pinch. The animal’s weight was recorded, and then the

animal was given injections of ketamine (Ketaset R©, Fort Dodge, USA) at a dosage

of 100 mg/kg and xylazine (AnaSed R©, Akorn Animal Health, Decatur, USA) at 0.06

mg/kg. Additionally, they were given an intramuscular dose of 0.2mL of atropine.

The scalp was then shaved, and the animal was relocated to a designated surgery

table with an installed stereotaxic apparatus designed for small animal surgeries

(David Kopf Instruments, Tujunga, USA). The head was fixed between the two

stereotaxic bars using ear bars with a nose piece which kept the head parallel to the

surgical table and the surgical window of the skull level. A heating pad placed under

the rat was used to help maintain the animal’s body temperature throughout the

surgery.

2% lidocaine (Henry Schein Animal Health, Duluth, USA) was applied under

the scalp, and an incision was made along the midline from just above the eyes to

the back of the head. The surgical window was propped open using hemostats and

sutures attached to the skin at the incision line. The periosteum was scrapped off,

and the exposed skull was cleaned with hydrogen peroxide to remove any fragments

of connective tissue and blood. Several rinses with 0.9% saline were applied, and the

skull was dried with gauze.

Using the stereotaxic apparatus and bregma as a reference point, coordinates for

the four implantation sites were marked along the skull using a fine-point marker.
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For the S1 microarrays, coordinates for the ground wires were marked at 2.5mm

posterior and 5.5mm lateral to bregma on each side. Coordinates for the thalamus

cannulae were marked at 3.5mm posterior to bregma and 1.8mm and 3.0mm lateral

to the midline for right hemisphere POm and VPM, respectively.

Four to five pilot holes were made with a dental drill, and titanium screws (Antrin

Miniature Specialties Inc., Fallbrook, USA) were driven into the skull. Care was ap-

plied to ensure they did not penetrate the brain. One screw was driven deep enough

to contact the dura and was used as an additional ground for the recording set up.

A ground wire was wrapped around the ground screw and soldered to the record-

ing system. Screws were sealed into place and the exposed skull was coated with

Metabond (Parkell Inc., Edgewood, USA) leaving a window around the implantation

sites.

For the S1 implants, 3mm by 4mm rectangular craniotomies were performed,

the dura was removed, and the electrodes were placed in contact with the exposed

cortex and slowly lowered to a depth of 1.5mm. Quick Set dental acrylic (Coltene,

Cuyahoga Falls, USA) was used to seal the craniotomies. Two holes were drilled at

the thalamic implantation coordinates. The cannulae were then lowered to an initial

depth of 4.6mm. Dental acrylic secured the cannulae in place. Cyanoacrylic (Hob-

bylinc.com, Hoschton, USA) was used to fix the microdriver housing, wire housings,

and connectors for the implants.

Throughout the surgery, anesthetic depth was monitored using the tail pinch

or toe pinch reflex. Additional doses of anesthesia were administered as needed to

prevent evoking the reflex. Generous amounts of saline were provided throughout

the surgery. Animals were monitored daily for one week following surgery to ensure

healthy recovery. Any complications were rapidly treated by a veterinarian.

Placement of microwires were verified physiologically prior to training in the IR

task by examining neuronal responses to manual whisker deflections and histologi-
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cally once the animal reached end of study.

Histology

Histology was performed at the end of study in accordance with procedures described

by Wong-Riley (1979), Hartmann et al. (2016), and Thomson et al. (2017). Following

the end of study, animals were anesthetically induced using isoflurane then given 1mL

of Euthasol. They were then perfused with 0.1M phosphate buffer. Their brains were

extracted, fixed in a 4% paraformaldehyde solution overnight, and then dehydrated

in a 30% sucrose solution for 24 hours.

For S1 multielectrode array verification, subcortical tissue was excised, and the

cortex was flattened overnight. For verifying the thalamus arrays, the whole brain

was fixed overnight.

Histological verification of electrode placement in S1 when following the surgical

procedures described in Section 4.2.4 has been demonstrated consistently by Hart-

mann et al. (2016) and Thomson et al. (2017) (Figure 4.2A,C). Due to conflicting

procedures for S1 and thalamus histological verification, majority of extracted brains

were only verified for thalamus placement.

In both cases, frozen brains were sliced at 40-60µm and collected in 0.1M phos-

phate buffer (pH 7.4). Slices were placed in CO reaction solution as described in

Wong-Riley (1979) then gently agitated at room temperature for 4-6 hours until

visually golden-brown (Figure 4.2).

4.2.5 Electrophysiology

S1 Arrays

The techniques used in our lab for electrode design, construction, implantation, and

usage procedures are described in detail in other published materials (Thomson et al.,

2013; Hartmann et al., 2016; Thomson et al., 2017; Hanson et al., 2007, 2012; Nicolelis
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Figure 4.2: Histological stains of recording and stimulation sites. (A)
Cytochrome oxidase (CO) stained coronal slice of S1BFs in left hemisphere show-
ing stimulation-recording multielectrode array site. Astericks (*) mark the electrode
penetration locations. 1,4 correspond to electrodes wired to sensors with the same
numbers as identified in Figure 4.1C. (B) (top) Dorsal view of rat skull showing the
placement of S1 and thalamus recording locations (black dots). Bold black horizontal
and vertical reference lines intersect at bregma. Grid lines represent 1mm2. Colored
overlays represent the functional sites (S1L, dark blue; S1R, light blue; POm, green;
VPM, red; reconstructed from Paxinos and Watson (1997)). (bottom) Coronal slice
at 3.5mm posterior to bregma. Colored overlays represent functional sites as shown
in the top panel. Outline of major features reconstructed from Paxinos and Wat-
son (1997). (C) CO stained slice of right hemisphere. 2,3 denote the corresponding
sensor numbers. (D) Schematic showing design of S1 electrode arrays (left) and tha-
lamus microdriver housing (right). Red lines connect the drivers to the corresponding
electrode bundles. (E) CO stained coronal slice of rat brain with astericks marking
final deployment of POm (green) electrodes and VPM (red) electrodes. Panel A and
C from Hartmann et al. (2016).

et al., 1993). The electrodes were all designed and built in-house. The S1 implant

consisted of two separate arrays, one for each hemisphere (left, Figure 4.2D). Each

array was made up of 16 stainless-steel, 42 µm diameter microwires. These were
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arranged in two groups of eight microwires. The microwires were paired such that

each cortical penetration contained two microwires. These couples functioned as

anodic/cathodic dyads for use in the microstimulation. Within each group, two

pairs were used for recording, and the other two pairs could selectively be used as

stimulating electrodes. Each pair was separated by 350µm with 2mm separating

furthest anterior and posterior pairs. In total, there were 32 microwires in four

groups of four pairs across the two hemispheres.

Thalamus Arrays

In addition to the S1 implant for stimulating and recording, a second recording

device was chronically implanted in the thalamus (right, Figure 4.2D). This device

consists of two 29-gauge cannulae encapsulating 16 Tungsten recording electrodes

each. Independent microdrivers for each cannula controlled the deployment of the

electrodes in increments of 62.5 µm. The cannulae are lowered to an initial depth

of 4.6mm at 3.5mm posterior to bregma and 1.8mm lateral and 3.0mm lateral to

the midline for POm and VPM, respectively (Figure 4.2B). The electrodes were

deployed 62.5 µm to 250 µm between recording sessions during the IR discrimination

task. Before each session, whisker receptive fields for the recording channels were

ascertained providing a mapping of whisker receptive fields in a vertical column

of POm and VPM. Across all animals, recordings were made at depths between

4.663mm and 5.975mm from the surface of the brain.

Whisker Receptive Field Mapping

In order to verify correct implantation after surgery, coarse characterization of the

whisker receptive fields were obtained. Following a similar protocol as described in

Thomson et al. (2017), animals were anesthetized using isoflurane while recording

neuronal spiking activity. Cycling through each recording channel one at a time, the
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baseline activity was noted using an oscilloscope and audio monitor. A hand-held

probe was then used to gently and systematically deflect each row of whiskers until a

change in baseline activity was observed. In the row resulting in the greatest change,

each whisker was carefully deflected to determine the ones that caused the greatest

evoked response.

Recording

While completing the IR discrimination task, the Multichannel Acquisition Processor

(MAP; Plexon, Dalls, USA) was used to collect SU and MU extracellular neurophys-

iological data. The sampling rate was set to 40kHz. Plexon’s RASPUTIN sort client

software was used to carry out pre-processing of the spiking activity prior to initiat-

ing a session. The first step to denoising the signal was to select reference channels

which would be subtracted from the other channels. This helped limit the effect

of systematic noise on the recording quality. Any channels which showed excessive

noise even after reference subtraction were deactivated.

Cycling through each channel one at a time, baseline activity was monitored, and

thresholds were set individually for each channel to minimize false positives. Any

voltage deflection crossing the threshold triggered the MAP system. A waveform

segment was produced from the sampled activity for 200µs prior to the crossing and

600µs after the crossing, resulting in a 800µs waveform event. Some online sorting

was done at this stage, particularly for channels with high quality, regularly firing and

isolatable units. For online sorting, template collection was initiated. Waveforms for

the template set were collected for 5-10s. These waveforms were plotted as clusters

in PCA space. A line was drawn over the waveforms that appeared to be a unique

unit. The client then created a template that could be used for matching waveforms

that came in during the recording session.

Recording was then started and the experimental protocol was initiated.
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Data processing and spike sorting

Recording files saved by the sort client were further processed offline using Plexon

Offline Sorter prior to analysis. Custom batch files were written for Offline Sorter

to denoise the signal, extract artifact times for use in the analysis, and perform

automatic spike sorting.

A presorting batch command file was run to extract units already sorted online

to a separate file. Cross-channel artifacts present on 50% or more of the channels

were exported to a separate artifacts file. These waveform times, in conjunction

with digital event signals sent to Plexon from MATLAB, were used to determine the

precise timing of the stimulation pulses delivered by the prosthesis. Finally, high

amplitude artifacts greater than 85% of the voltage window were invalidated, and a

custom template file for capturing characteristic noise was applied.

Wood et al. (2004) compared the performance of 5 researchers with significant

spike sorting experience on synthetic and real data. When using a synthetic data

set with known “ground truth,” they found that on average subjects labeled noise as

signal and signal as noise 25% and 30%, respectively. Additionally, they noted that

even the same subject classified the same data set as having 12% more neurons and

8% fewer spikes on second viewing. Together, this within and between subject vari-

ability suggests that manual spike sorting may lead to a decrease in reproducibility.

Recently, Sukiban et al. (2019) carried out a systematic evaluation of the per-

formance of automatic spike sorting methods compared to template matching by an

expert using experimental data from human subthalamic nucleus recordings and syn-

thetic data with known ground truth. They showed that an unsupervised K-Means

(KMS) algorithm scanning over the range of 1 to 7 units, template matching (TMS)

by an expert, and the Valley Seeking algorithmn (VS), which estimates the density

of clusters and determines the valleys between cluster, produced the best results.
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Specifically, on an artificial data set composed of 90% spikes and 10% perturbations,

KMS and TMS had the highest sum of true positives and true negatives with VS

closely behind. Based on their sensitivity and specificity, the results when sorting a

noisier dataset (increased perturbations) suggests VS to be the best option.

When considering the spike sorting method to use for my data set, my goal

was to utilize a method that would improve objectivity and reproducibility of my

results. Anecdotally, I found that if I attempted to manually resort a previously

sorted data set the outcomes, in terms of number of units and number of spikes,

were significantly different. Therefore, I chose to create a protocol that limited my

subjective and variable biases by using automatic sorting methods. From Sukiban

et al. (2019), VS seemed to provide the best compromise between sensitivity and

specificity, so I chose to sort my data using that method.

With the artifact and online sorted units extracted, the data was processed using

Plexon’s built-in VS algorithm. A custom batch script ran VS in two dimensions

in the PCA space for each channel. The scanning function was utilized to compare

performance over a range of Parzen multiplier values from 0.5 to 1.5 in steps of 0.2.

The Parzen multiplier is a parameter which adjusts the critical distance with which

a point can be a part of a cluster when using the Parzen approach to density estima-

tion (Fukunaga, 2013). The sorting quality for each iteration step over the Parzen

multiplier was evaluated using MANOVA. The null hypothesis for the MANOVA is

that all clusters come from the same underlying statistical distribution. Therefore,

the iteration with the lowest p-value represented the run in which the sorted units

were least likely to come from the same distribution, or said differently the sorting

most likely to represent distinct units. The sorted data was then exported to a new

file and the sorting quality statistics were saved.

For the MU analysis, all sorted units found in a given channel were pooled into a

single data set. For the SU analysis, an additional filtering step was taken in order
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to ensure only units from well-sorted channels were analyzed. This was mainly due

to the fact that some of the analytical steps were computationally intensive (e.g.

permutation test for mutual information). Following the guidelines of Friend et al.

(2015), well-sorted units were determined using the J3 statistic (Wheeler, 1998) and

Davies-Bouldin Validity index (DB) (Davies and Bouldin, 1979). The J3 statistic

calculates the ratio of variance between-clusters to within-clusters. A threshold value

of 2, which means the between-cluster variance is at least twice as high, signifies a

well-sorted channel. DB measures the ratio of the sum of within-cluster to between-

cluster distances. A lower value signifies better clustering. The threshold value used

here was 0.3. The conjunction of these metrics provides a robust means of signifying

well-isolated units (Nicolelis et al., 2003).

NeuroExplorer (Colorado Springs, USA) was then used to reformat the Plexon

files for use in MATLAB. Artifact timestamps and neuronal spike timestamps were

exported as separate files. Additionally, during the experiment, digital control sig-

nals specifying the stimulation frequency patterns and trial start times were sent to

Plexon, and these had to be exported using NeuroExplorer as well.

Within MATLAB, custom scripts were written to further process the data for

analysis. Specifically, the exact times for stimulation pulses, frequencies through each

stimulating channel for each substimulation event (see Section 4.2.6), and neuronal

spike times in 1ms resolution were parsed.

4.2.6 IR-Sensing Prosthetic System

A detachable head cap which magnetically mounted to the rat’s head housed four

phototransistors (Lite-On Inc., Taipei City, ROC) arranged in a horizontal plane

every 90˝ along its circumference (Figure 4.1C). The wavelength of max sensitivity

for the transistors matched that of the peak emittance of the IR sources at 940nm

making them ideal IR sensors for this protocol. The relative sensitivity of the sensors
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Table 4.1: Summary of electrophysiology recordings
POm VPM S1R S1L

Session ID # MUs # SUs # MUs # SUs # MUs # SUs # MUs # SUs
A1 12 3 11 15 4 19 6 3
A2 12 0 12 0 6 6 7 4
A3 13 0 13 3 7 0 7 9
A4 13 0 12 3 7 4 6 11
B1 16 25 16 0 8 10 8 4
B2 16 13 16 2 8 0 7 5
B3 15 0 16 18 8 4 7 8
B4 15 0 15 8 8 0 7 8
B5 16 6 15 6 8 6 7 6
B6 15 9 16 0 8 5 7 17
B7 15 5 16 3 8 11 7 4
C1 15 10 14 30 7 4 7 24
C2 15 7 15 10 8 0 8 17
C3 15 5 14 20 5 7 7 4
D1 8 0 15 0 8 12 8 11
D2 10 10 0 0 4 7 6 6
D3 15 12 15 8 7 0 5 3
D4 12 10 15 27 7 4 6 3
D5 12 9 15 20 7 0 6 3
E1 13 0 13 8 8 4 7 3
E2 15 0 14 34 7 10 7 0
F1 5 3 7 0 8 7 4 0
F2 8 3 10 18 6 8 3 0
F4 11 0 13 0 7 3 3 6
F5 11 0 13 0 8 9 4 0
F6 7 4 5 4 3 6 3 11
G1 6 3 14 0 7 0 2 0
G2 6 3 9 19 7 0 4 13
G3 12 0 14 9 6 4 4 0
G4 10 0 13 10 6 0 3 7
G5 9 0 15 12 6 9 4 0
H1 12 4 11 3 6 0 4 8
H2 11 10 8 12 6 0 5 7
H4 10 0 15 8 7 10 7 0
H5 15 6 16 2 7 0 7 9
H6 15 0 16 9 6 2 7 8

TOTAL 436 160 467 321 244 171 207 222
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drops to 50% of max at a width of 20˝.

When IR light is incident upon the phototransistors, the voltage at that tran-

sistor fluctuates linearly in an inverse manner with the intensity of electromagnetic

radiation in the range described above. That is, the IR sensor voltage goes from

10V at minimal IR intensity to 0V at saturation. This analog measure could then

be digitally processed and used as the input to an IR intensity to microstimulation

frequency transform function coded in MATLAB. For this experiment, I used a step

function from IR sensor voltage to microstimulation frequency with a roughly ex-

ponential shape with seven step intervals. Once the IR signal was processed into a

microstimulation frequency, a four-channel biphasic, charge-balanced microstimula-

tor was used to generate stimulation pulses (stimulator described in detail Hanson

et al. (2012)).

Each IR sensor was electrically connected to one of the four electrode groups

composing the S1 implant. The distribution of electrode groups and coupling with

the IR sensors were set up to be as topographically “natural” as possible. For exam-

ple, the front left IR detector projected information to stimulating microelectrodes

in the region of contralateral S1 that represents the front of the left whisker pad (Fig-

ure 4.2A). A circuit board of jumper pins for each implanted microwire allowed for

manual selection of the stimulating electrode pair to be used within each group. In

practice, jumpers were used to select the stimulating electrodes individually for each

animal so as to increase neuronal response and minimize aversion to stimulation.

Microstimulation

As described in Hanson et al. (2012), a four-channel microstimulator was used. Stim-

ulation pulses were biphasic and charge-balanced and composed of a 100µs anodic

pulse, 50µs pause, and 100µs cathodic pulse. Once an animal recovered from surgery,

the minimum current necessary for eliciting a noticeable increase in response com-
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pared to baseline was determined in anesthetized animals. This was found to typi-

cally lie between 10µA and 100µA. In the awake animal, we also made sure to note

the current level at which we observed any aversive behavior. We classified scratch-

ing or rubbing of the mystacial pad or a refusal to participate in the task as aversive

behavior.

During training sessions, the animals received continuous microstimulation to

accustom them to the sensation (Figure 4.3A). The animals were delivered discon-

tinuous stimulation during training to allow for the acquisition of neural spiking

activity during the task. The stimulus artifact completely saturates the MAP sys-

tem, preventing detection of neuronal spikes during stimulation periods.

For these recording sessions, stimulation pulse trains were delivered for 20-80ms

followed by a recording period between 140-200ms. The stimulation duration and

recording periods were varied between animals. The frequency of the pulse trains

delivered during the stimulation periods was determined by the IR intensity detected.

Specifically, for each stimulating channel (N1-N4, Figure 4.1C), the frequency was

determined by converting the voltage at the corresponding sensor (1-4, Figure 4.1C)

into a frequency according to the transform function described by Figure 4.1F. Each

substimulation event could be characterized by the stimulation pattern described by

the four element vector of frequencies, S “ă f1, f2, f3, f4 ą, where f1 is the frequency

delivered through N1, f2 is the frequency delivered through N2, and so on.

4.2.7 Data Analysis

Data was analyzed using custom MATLAB scripts.

Peri-stimulus time histograms (PSTH)

The peri-stimulus time histogram (PSTH) was used to provide a quantitative way

of visualizing the neuronal response to stimulation during the IR task. In prior
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publications using the IR platform, PSTHs were generated for each neuron by finding

the mean response to the first three and the last three stimuli presented in a session

(Hartmann et al., 2016; Thomson et al., 2017). This provides a useful means of

visualizing the mean response at the beginning and end of a trial; however, this also

tends to remove a significant portion of the stimulation events from the PSTH plot

((Hartmann et al., 2016); Figure 4.5).

In order to capture all the neuronal spiking activity in the PSTH, I chose to

divide each trial into 5 epochs and average all spiking activity during the recording

periods within each epoch. The relative onsets for the stimulation pulses for each

epoch are labeled on the x-axis of the PSTHs to provide accurate references for the

response timing. The stimulation duration periods are indicated with a light red

vertical bar. The PSTH is zero during this period due to the stimulus artifact as

described above (see Section 4.2.6). The time prior to the first onset reflects the

mean PSTH during the baseline period. The baseline activity for each neuron was

calculated from recorded spiking activity during a 500ms inter-trial period.

The post-stimulus activity, the spiking activity between vertical red bars, is the

mean response to all stimulation patterns presented in a given epoch. The number of

substimulation events during a given trial ranged from 0 to 39 - typically 0 meant a

photobeam at one of the ports was blocked causing a trial to immediately end upon

initiation. On average, there were 2.6 substimulation events per epoch per trial. This

method allowed me to capture the full set of neuronal PSTHs for visualization of the

response dynamics.

Significance of response to ICMS

The statistical significance of neuronal responses to ICMS was determined using a

two-sample Kolmogorov-Smirnov test. This method has been proven successful for

measuring the significance of neuronal responses in prior work (Nicolelis and Chapin,
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1994; Ghazanfar and Nicolelis, 1997). This is a nonparametric test that compares

two distributions for equality. In other words, it provides a statistical measure of

the probability that two sets of samples could be drawn from the same distribution.

The significance was determined at the α “ .001 level.

Mutual Information

One of the central objectives of this project was to determine whether or not neural

substrates distal to the site of ICMS encode information about the stimulus pre-

sented in the trial. To that end, I used an information theoretic measure, mutual

information, to quantify the amount of information the firing rates of each neuron

provided about the stimulation patterns delivered (Dayan et al., 2001; Fukunaga,

2013).

Mutual information (MI) provides a measure of the amount of information, typi-

cally in bits, learned about a random variable by knowing the value of a second ran-

dom variable. Like correlation, MI quantifies the dependence between two variables

but without the limitation of assuming linearity. MI analysis of neuronal responses

is well supported in the literature (Treves and Panzeri, 1995; Rolls et al., 1998; Rieke

et al., 1999; Borst and Theunissen, 1999; Dayan et al., 2001; Victor, 2006; Quiroga

and Panzeri, 2009; Wibral et al., 2015; Yin et al., 2018; Yin, 2018) and provides a

direct measure of the amount of information capacity in a system used by the code

(Dayan et al., 2001).

Given the random variables X and Y the mutual information is defined as follows:

IpX;Y q “
ÿ

yPY

ÿ

xPX

PXY px, yqlogp
PXY px, yq

PXpxqPY pyq
q (4.1)

where PXY px, yq is the joint probability distribution, and PXpxq and PY pyq are

the marginal distributions for X and Y . In the case that X and Y are independent:
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PXY “ PXPY (4.2)

Then knowing the value of one variable would not provide any information about

the other variable, and therefore:

IpX;Y q “
ÿ

yPY

ÿ

xPX

PXY px, yqlogp1q (4.3)

IpX;Y q “ 0 (4.4)

On the other hand, if every stimulus, s, results in exactly one unique response,

r, then knowing s would reduce all uncertainty about r and vice versa. The mutual

information, or the information gained about the other variable, would be equal to

the entropy for the stimulus. Entropy measures the theoretical capacity to store

information for a given set defining a stochastic process (Dayan et al., 2001).

Hpsq “ ´log2P psq (4.5)

where P psq is the a priori probability of s occurring. The entropy of a set of

possible values for s would simply be scaled by the mean value for s:

HpSq “ ´
ÿ

sPS

P psqlog2P psq (4.6)

The less likely a stimulus is, the more information it provides. Generally in real

biological systems, r often takes on a wide range of values even for the same s.

Therefore, to find the average information gained about s by knowing r, one would

need to calculate MI using Equation 4.1.

For this analysis, I wanted to quantify the amount of information knowing each

neuron’s firing rate conveyed about the position in the population vector space of
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the stimulus. I followed a similar procedure as described in Yin et al. (2018). As

evidenced by Figure 4.6, much of the stimulus space is greatly undersampled. Thus

I divided the stimulus space, or the population vector space, into a grid of 5 by 5

bins, such that the width of each bin equated to a combined weighted sum distance

of 160Hz. As in Yin et al. (2018), I further bias-corrected the MI values based on

the procedure described in Treves and Panzeri (1995).

A major issue in characterizing the information present in the neural response is

“limited sampling” (Treves and Panzeri, 1995; Panzeri et al., 2007). In most practical

settings, it is unfeasible to attain the full joint probability distribution or marginal

distributions for two random variables. Therefore a calculation of the information

in the system being observed is likely to be different than the actual information.

This “bias” fluctuates depending on the particular outcomes of the limited trials

observed (Treves and Panzeri, 1995). The average bias can be estimated, and using

numerical simulations, Treves and Panzeri (1995) demonstrated that the following

correction term, found by binomial expansion, can provide a rough indication of the

discrepancy between the MI calculated from the observed trials and the actual MI:

C1 “
1

2Nln2
pS ´ 1qpR ´ 1q (4.7)

where S is the size of the stimulus set, and R is the size of the response set. Under

practical conditions, when C1 ăă 1, MI can be estimated by subtracting C1 from

the computed MI based on the observed trials. In the case where C1 greater than 1

or MI was less than 0, I set the neuron’s MI value to 0 (Treves and Panzeri, 1995;

Yin et al., 2018; Yin, 2018).

Continuing the protocol outlined in Yin et al. (2018), I determined the significance

of the computed MI values using a permutation test with 1000 permutations. A

permutation test is a means of building a sampling distribution by resampling the
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observed data. Here I computed the MI as described in equation 4.1 then “shuffled”

the stimulus vector to get random pairings of the stimulus and responses 1000 times

and calculated new values for MI each time. This provided a distribution of MI

values for which to compare the observed value.

After bias-correcting all the MI values using Equation 4.7, I computed a p-value

for the observed MI. Significance was measured at the 0.01 level.

Infrared Stimulus Receptive Fields (IR-RFs)

As described in Section 4.2.6, each substimulation event can be represented by a 4D

vector: S “ă f1, f2, f3, f4 ą. For visualization purposes, this vector was projected

from the 4D space to a 2D plane as follows:

F pSq “
4
ÿ

i“1

fisi (4.8)

where si is a unit vector representing the direction of the ith IR sensor relative

to the longitudinal axis of the rat (Hartmann et al., 2016). F pSq represents the

population vector, or the weighted sum of the direction of each IR sensor, for a

given stimulus (Georgopoulos et al., 1986; Hartmann et al., 2016, Figure 4.3C).

As an example, a 300Hz stimulus delivered through electrode N2 would contribute

ă ´300, 300 ą to F .

The stimulation pattern for each substimulation event presented during a session

was projected into the population vector space. The response from each SU and

MU was then averaged over all presentations of a given population vector resulting

in a scalar field of mean spike counts characterizing the neuron’s response dynamics

to the IR stimulus. This scalar field is defined as the neuron’s IR-RF. These are

represented as contour plots (Figure 4.9) with the peak response labeled with a red

dot, and the colors from yellow to dark blue denoting the 95%, 75%, 50%, 25%, and

10% contour line.
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Figure 4.3: Conversion of 4D stimulation pattern to 2D population vec-
tor. (A) Animals receive continuous stimulation (Stim Only) during training but
switch to intermittent stimulation (Stims+Record) for recording sessions. Intermit-
tent stimulation consists of stimulation (S ) and recording (R) periods. Each S is
characterized by a 4D frequency vector representing the frequencies through each
of the 4 stimulating channels. (B-D) Illustrative example of various stimulation
patterns projected into the 2D population vector space. (B) Five different possible
stimulation patterns. (C) Projection of the stimulation patterns from time T1-T5
in B from the 4D frequency space to the 2D population vector space. (D) Patterns
from B plotted in the 2D space. The four sensor location vectors are shown for
reference. Black box represents the extent of the population vector space given the
transform function implemented. Points along the edges of the black box indicate
the maximum frequency was delivered through the channel for the corresponding
sensor. Adapted with permission from Hartmann et al. (2016).
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Statistics

The statistical measures of significance for the computed values were all discussed in

greater detail above. Briefly, I will summarize those here.

The computed MANOVA p-value was used to compare the quality of spike sorting

for each iteration through the range of the Parzen multiplier used in the Valley

Seeking algorithm in Plexon. The value of the Parzen multiplier resulting in sorted

units with the smallest p-values, which denoted the pairwise likelihood that the

clusters identified were the same, was used.

When determining which SU to further analyze in the MI computation, a com-

bination of the J3 Statistic, the ratio of the between-cluster variance to the within-

cluster variance, and the DB, the ratio of the within-cluster to between-cluster dis-

tances, was used. The threshold for the J3 statistic was set to 2, where higher values

signify more isolatable units. The threshold for DB was set to .3.

The significance of each neuron’s spike in response to stimulation was calculated

by comparing the distribution of baseline spike counts for each unit to the distribu-

tion of post-stimulus spike counts using the two sample Kolmogorov-Smirnov test.

This test produces a p-value representing the probability that the samples in each

distribution are drawn from the same underlying distribution. A response was clas-

sified as significant if this p-value was found to be less than .001.

To determine the significance of the computed MI values for each neuron, which

was used as a measure of the amount of information each neuron conveyed about

the stimulus, a permutation test was performed with 1000 permutations of pairings

between the spike counts and the stimulus vector. A p-value was found by calculating

for a right-tailed event:

P pX ě xq (4.9)
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Given that 1000 iterations were performed, the minimum possible p-value was

limited to .001.

4.3 Results

Behavioral results

For this study, all animals trained were able to achieve proficiency in the IR dis-

crimination task. It took an average of 8 sessions for the animals to reach the 85%

criterion performance level needed to be considered proficient in the task (Figure

4.4). The shrinking error bars reflect convergence in performance and the removal

of animals from the training phase - and thus the calculation of the average percent

correct. Animals transitioned to recording sessions once they achieved proficiency

for 5 consecutive sessions.

Figure 4.4: Learning curve for all trained animals. Mean performance given
as the percentage of correct trials (y-axis) as a function of session number (x-axis) for
all animals included in this analysis (N “ 8). Dotted line marks the proficiency cri-
terion for performance (85% correct trials) in order for the animal to be transitioned
to recording sessions. Error bars depict standard deviation. All animals achieved
proficiency.
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Table 4.2: Summary of behavioral results

Animal ID Session # # Trials % Correct
Reaction Time (s)

(mean ˘ std)
A 1 151 86.0 2.60 ˘ 1.11
A 2 73 96.0 2.45 ˘ 1.09
A 3 150 97.0 2.15 ˘ 1.00
A 4 136 97.0 2.33 ˘ 1.05
B 1 113 86.0 3.04 ˘ 1.31
B 2 201 87.0 1.75 ˘ 0.70
B 3 145 95.0 2.54 ˘ 0.97
B 4 169 98.0 2.64 ˘ 1.12
B 5 134 97.0 2.94 ˘ 0.93
B 6 152 88.0 2.80 ˘ 1.18
B 7 120 94.0 2.90 ˘ 0.88
C 1 152 97.0 2.27 ˘ 1.10
C 2 86 95.0 2.61 ˘ 1.78
C 3 87 83.0 3.22 ˘ 1.70
D 1 156 98.0 1.85 ˘ 0.51
D 2 137 88.0 2.25 ˘ 1.21
D 3 180 89.0 2.54 ˘ 1.43
D 4 151 88.0 2.82 ˘ 1.53
D 5 136 96.0 2.49 ˘ 1.23
E 1 135 96.0 1.83 ˘ 0.80
E 2 100 97.0 2.37 ˘ 0.91
F 1 134 75.0 3.06 ˘ 1.28
F 2 120 72.0 3.12 ˘ 1.40
F 4 115 85.0 3.04 ˘ 1.00
F 5 113 85.0 3.19 ˘ 1.38
F 6 149 90.0 2.42 ˘ 1.14
G 1 151 91.0 1.95 ˘ 1.02
G 2 83 89.0 2.13 ˘ 0.99
G 3 100 94.0 1.81 ˘ 0.70
G 4 107 94.0 2.01 ˘ 0.99
G 5 117 91.0 2.24 ˘ 1.16
H 1 174 96.0 1.92 ˘ 0.66
H 2 150 97.0 2.43 ˘ 1.10
H 4 158 99.0 2.06 ˘ 0.73
H 5 125 97.0 2.19 ˘ 1.02
H 6 163 97.0 2.18 ˘ 0.93

TOTAL 36 4823 91.7 2.45 ˘ 0.43
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Table 4.2 shows the behavioral results across all recorded sessions with identifiers

for the animal completing the task and the session number. During recording ses-

sions, performance remained high for all animals throughout the sessions with the

mean percentage of trials with a correct selection of the stimulus port during IR

discrimination being ą90% (Table 4.2). The average reaction time, or time from the

onset of a trial to the time when the animal selected a port, was 2.45s˘0.43s.

Figure 4.5 shows the distribution of number of stimuli presented per trial across

all the sessions included in this analysis. The average number of stimuli per trial,

or the number of substimulation events presented before the animal made a port

selection, was 13.3 ˘ 6.6. The number of substimulation events during a given trial

ranged from 0 to 39. A trial with 0 substimulation events meant the IR detectors

did not pick up any IR prior to the trial timing out. This occurred due to a blocked

photobeam at one of the ports, which would cause the trial to immediately end upon

initiation, or due to the animal remaining outside the detection range for any of

the IR detectors to pick up the IR source. A trial with 39 substimulation events

indicated that the trial timed-out before a port was selected by the animal.

Figure 4.5: Histogram of number of stimuli presented in a trial. Shows the
frequency of trials (y-axis) in which the number of stimuli (x-axis) were presented
across all sessions.
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Figure 4.6 shows all the stimulus patterns presented across all recorded sessions.

The left panel shows all possible stimulation patterns in population vector space that

could be constructed given the transform function, which converted the IR detector

voltages into stimulation pulse frequencies, implemented in this study (see Figure

4.1F). The coordinates marked with gray dots represent possible stimulation patterns

whereas the red dots represent patterns that were actually delivered in a session. The

patterns delivered were dependent on how the animal moved in the chamber relative

to the active IR source. Thus not all possible patterns were observed in a trial. For

example, the animal would have to approach the active IR source with its head facing

away from the port such that only the back sensors (i.e. 3, 4) detected the IR in

order for the coordinates in the lower portion of the graph to have been presented.

Figure 4.6: All population vectors presented across all trials. Top portion
of the population vector space along the anteroposterior direction (y-axis) represents
greater contribution of sensor 1 and 2; bottom portion reflects greater contribution
of sensor 3 and 4. Right space along the mediolateral direction (x-axis) represents
greater contribution of sensor 1 and 4; left represents greater contribution of sen-
sor 2 and 3 (fmax “ 400Hz). (left) Gray dots represent all possible population
vector coordinates given the frequency steps used in the IR-stim-to-frequency trans-
form function (see Figure 4.1F). Red dots indicate coordinates for patterns actually
delivered in the recording sessions. (right) Lines connect the population vector co-
ordinates presented in a given trial. Green lines denote trials in which the animal
made a correct port selection. Red lines denote incorrect trials.
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Figure 4.6 illustrates that many coordinates in the stimulus space were greatly

undersampled. From the right panel of Figure 4.6, the animals’ tendencies to favor

adjusting their behavior to align the active IR source with the front sensors (i.e. 1, 2)

is apparent. The lines show the sequence of patterns delivered in a given trial. Trials

in which the animal made an incorrect port selection are colored red, and correct

trials are colored green.

Significant responses to ICMS

Using the statistical methods described in Section 4.2.7, the recorded units with

post-stimulus responses statistically distinguishable from their baseline activity were

determined. Figure 4.7 summarizes the results of that analysis. Specifically, Figure

4.7 shows the proportion of all recorded SUs and MUs that were found to have

statistically significant responses to ICMS. Notably, fewer SUs had post-stimulus

responses that could be distinguished from their baseline activity. It was observed

that nearly all MUs (97%-99%) had significant responses to ICMS regardless of brain

region.

Figure 4.8 summarizes the results of the mutual information analysis. Specifically,

the amount of information gained about the stimulation patterns by knowing the

spike counts for each neuron was calculated. Due to limited sampling of the stimulus

space, the calculated MI values were bias corrected in accordance with Treves and

Panzeri (1995). A permutation test was used to generate a distribution of possible MI

values under the null hypothesis that there was no relationship between the stimulus

and the observed response. By comparing the observed MI value with the sampling

distribution, I was able to get a p-value describing the likelihood that the observed

MI values could have been obtained at random. Figure 4.8 shows the percentage

of SUs and MUs for each recorded region that were found to convey a significant

amount of information about the stimulus.
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Figure 4.7: Proportion of recorded units with significant responses to
ICMS. Bar plots show the percentage of recorded SUs and MUs that were found to
have statistically distinguishable post-ICMS response distributions as compared to
their respective baseline activity distributions (p ă .001).

Figure 4.8: Proportion of recorded units with significant mutual informa-
tion values. Using the permutation test described in the text and after correcting for
bias, the percentage of units which provided non-random information gain (p ă .01)
about the stimulation patterns delivered during the recording sessions was deter-
mined. Bar plots show the percentage of recorded SUs and MUs that were found to
have statistically significant MI values.
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A session by session breakdown of the analysis for signficant post-stimulus re-

sponse distributions and significant mutual information values can be found in Ap-

pendix A. Specifically, Tables A.1, A.2, A.3, and A.4 summarize the findings char-

acterizing the degree to which the neurons recorded responded to ICMS. For each

session denoted under ‘Session ID’ in Table A.1, the percentage of MUs recorded in

POm and VPM that showed significant responses (p ă 0.001, KS test) to ICMS is

given. On average more than 95% of recorded MUs in POm (97%) and VPM (97%),

had post-stimulus spike count distributions that could be statistically distinguished

from the distribution of baseline spike counts. This suggests that the response to

ICMS in thalamus is robust and widespread. The percentage of MUs with MI values

that can be demonstrated to be non-random was 57% for POm MUs and 74% in

VPM.

Table A.3 provides the same summary but for single-units recorded in the thala-

mus. Here the average percentage of POm and VPM SUs that showed a significant

response to ICMS was 39% and 45%, respectively. This decrease relative to the MUs

for each region could reflect the fact that SUs have significantly less spikes overall,

and therefore the sampling was too low to establish significance at the level tested.

Alternatively, this could reflect that the response to ICMS is not encoded by a large

change in individual units but instead in the pooled response of neuronal ensemble as

captured in MU channels. This appears to be demonstrated by comparing to Table

A.1.

A comparison between Tables A.2 and A.4 shows a similar trend. The percentage

of MUs in S1 with statistically significant responses to ICMS was 99% for units in

both hemispheres. The average MUs in S1 with significant MI values were 67% and

71% for the right and left hemispheres, respectively. The average SUs with significant

MI values were 49% and 48% for right and left hemispheres, respectively.
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Characterizing emergent IR-RFs

In the present study, IR-RFs from each recorded region were found to be highly

variable. Representative IR-RFs from each region are shown in Figure 4.9. These

units were specifically selected to showcase the range of IR-RFs found. They do not

represent a specific animal nor were they selected to represent a specific session.

Figure 4.9: Representative IR receptive fields for units from each recorded
region. Contour plots are shown for two units from each recorded region (not
necessarily from the same animal or session). (center) Dorsal view of rat skull with
recorded areas colored to match boxes around the IR-RFs for reference (clockwise
from left pane: S1L, dark blue; POm, green; S1R, light blue; VPM, red). In each
plot, the coordinate representing the unit’s maximum firing rate is denoted with a
red dot. Each plot is normalized to the max firing rate for that unit with the color
of the contour lines, from yellow to dark blue, denoting the space at 95%, 75%, 50%,
25%, and 10% of the max firing rate.
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Hartmann et al. (2016) and Thomson et al. (2017) previously characterized the

emergence of IR-RFs in the cortex following training with the IR prosthesis. In

Hartmann et al. (2016), it was found that S1 neurons tended to favor stimuli posi-

tioned to the front of the animal even after remapping such that the front and rear

sensors’ projections were flipped. Thomson et al. (2017) found that V1 units had

lateralized IR-RFs. Figure 4.10 shows polar histograms for the angular preferences of

units from the four recorded brain regions. Unlike Hartmann et al. (2016), S1 MUs

recorded in this study were much less likely to favor stimuli presented to the front of

the animal and instead appear to have more lateralized preferences like those found

for V1 units in Thomson et al. (2017). VPM and POm units had angular preferences

that strongly aligned with the histogram of the actual stimuli presented across the

sessions.

Figures 4.11 and 4.12 depict representative responses profiles for units from the

thalamus and both hemispheres of S1, respectively. The population vector plots at

the top show the diffusion of stimulation patterns toward the anterior pole as the

trials progress. By dividing the trials into epochs, I was able to garner greater clarity

into how the animal’s behavior changes across a trial. Specifically, the plots portray

how the animal samples the IR environment, hones in on the IR source, and finally

makes a port selection.

Comparing the IR-RFs with the PSTHs helps to provide a comprehensive charac-

terization of how the neuron responds to different stimulation patterns. The IR-RF

shows how the unit is tuned to stimuli at different positions in the stimulus space

while the PSTH elucidates the units temporal dynamics. In Figure 4.11, the POm

shown is largely invariant with a relatively reduced response for stimuli presented to

the left anterior. This is represented in the IR-RF as a small valley in the contour plot

at that location. In the PSTH, we see can see this depression, although quite mini-

mal, in the responses R4 and R5. These correspond to stimuli S4 and S5 presented
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Figure 4.10: Polar histogram of angular preferences for units from each
brain region. Polar histograms show the relative number of neurons from each
brain region with IR-RFs with maximum firing rates at different angular locations.
(center, gray) Shows the histogram of angles for all stimuli presented across all
recording sessions. Outer histograms are separated by brain region (clockwise from
left: S1L, dark blue; POm, green; S1R, light blue; VPM, red).
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during Epoch 4 and Epoch 5, which notably contain more stimuli in the left anterior

of the population vector space. In contrast, sig017 from VPM exemplifies the inverse

response. It has a generalized increased response to stimuli toward the anterior pole

with a slight leftward preference. The PSTH shows this as a steady increase as more

stimuli in a given epoch are located in the left anterior region. We can also see from

the PSTH that this VPM unit has an initial burst at the offset of the stimulation

with a secondary, albeit much smaller yet detectable, burst approximately 100ms

after the offset.

In Figure 4.12, the dark blue box depicts an MU from the left hemisphere and the

light blue depicts an MU from the right hemisphere. The S1L unit has a left-leaning

preference as shown by its IR-RF. Epoch 4 and 5 have the highest number of stimuli

with leftward components and as such the PSTH is much higher during R4 and R5. It

is important to point out that the IR-RFs are depicted relative to the maximum firing

rate observed after normalizing all responses relative to the mean baseline activity. In

this case, we can see that the mean baseline activity and standard deviation are quite

small compared to the overall range of spike counts for this neuron, so even though it

would seem from the PSTH that it has a general preference for the Epoch 5 stimuli

as shown by the large R5, the PSTH is the average over all those stimuli. Therefore

the actual maximum spike count observed at its preferred stimulus location could

be much higher. This illustrates why it is useful to show both the IR-RFs and the

PSTHs. The S1R unit has a preference for stimuli toward the middle of the stimulus

space, and this is apparent in the R1 response.

Relationship between IR-RFs and MI

Figures 4.13 and 4.14 provide representative IR-RFs and their corresponding MI

values and p-values in order to illustrate the relationship between the selectivity of

the responses and amount of information gained about the stimulus. Generally a
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Figure 4.11: Response profiles for representative multi-units from the
thalamus for a single session. For constructing mean PSTHs, each trial was
divided into 5 epochs. Within each epoch, all substimulation events were grouped
together and are represented on the population vector plots (top, fmax “ 400Hz).
Lines connect stimuli from the same trial (length and number of stimuli per epoch
varied by trial, correct trials=green, incorrect trials=red). Saturation indicates order
of stimuli within a trial (greater saturation=later in trial). IR-RF (left) and corre-
sponding PSTH (right) for same unit from POm (green box ) and VPM (red box ).
Conventions for IR-RFs follow those described in Figure 4.9. Vertical red bars on
PSTH represent the stimulation periods. Si corresponds to stimuli from Epoch i. Ri

is the mean response to stimuli from Si. The times on the x-axis are for reference
and do not reflect the actual times since each red bar could represent more than
one stimulation period. Mean spike count during baseline (horizontal blue line) and
standard deviation (dashed blue lines) shown. Units taken from same session as in
Figure 4.12.
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Figure 4.12: Response profiles for representative multi-units from S1 for
a single session. For constructing mean PSTHs, each trial was divided into 5
epochs. Within each epoch, all substimulation events were grouped together and
are represented on the population vector plots (top, fmax “ 400Hz). Lines con-
nect stimuli from the same trial (length and number of stimuli per epoch varied by
trial, correct trials=green, incorrect trials=red). Saturation indicates order of stim-
uli within a trial (greater saturation=later in trial). IR-RF (left) and corresponding
PSTH (right) from S1L (dark blue box ) and S1R (light blue box ). Conventions for
IR-RFs follow those described in Figure 4.9. Vertical red bars on PSTH represent
the stimulation periods. Si corresponds to stimuli from Epoch i. Ri is the mean
response to stimuli from Si. The times on the x-axis are for reference and do not
reflect the actual times since each red bar could represent more than one stimula-
tion period. Mean spike count during baseline (horizontal blue line) and standard
deviation (dashed blue lines) shown. Units taken from same session as in Figure 4.11.
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low probability event, representative of sparse coding, is a source of a large amount

of information (Dayan et al., 2001; Gupta and Bahmer, 2019). As seen in Figure

4.13, the responses of the units depicted do not seem to depend a great deal on the

particular stimulation pattern presented. Regardless of the position in the stimulus

space, the neurons’ responses are generally ą 75% of the max firing rate for that

neuron. The low MI values (IpR, Sq) align with our intuition when reviewing the

IR-RF since for any given spike count it would be difficult to place it in the population

vector space.

Figure 4.14, on the other hand, depicts units that clearly seem to have stimulation

patterns they prefer; that is, there are clear peaks in the IR-RFs and the slope falls

off rapidly as you move away from the coordinate represented by the red dot. Our

intuition is confirmed by the low p-values for the calculated MI values. Although the

MI values may still appear relatively small, it is important to note that the recorded

neurons represent a very small part of the networks involved in processing the stim-

ulation. In other words, a large number of neurons carrying seemingly small bits of

information about the stimulus is sufficient for decoding the stimulus. The p-values

give us an indication of the likelihood that the calculated MI values could have been

observed at random or from a distribution unrelated to the stimulus distribution.

4.4 Discussion

The IR-sensing prosthetic system utilized in this work provides a novel and effective

method for evaluating the ability of the adult brain to incorporate a new sense

provided via an ICMS-based prosthesis. Here I demonstrate that the thalamus has a

robust response to ICMS delivered to S1 and that the information gained by knowing

the response of thalamic units to stimulation is significant.

This study reemphasizes the capacity for an adult animal to learn to interpret

sensory information projected onto the cortex. As shown in Figure 4.4, all animals
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Figure 4.13: Low selectivity IR-RFs have insignificant mutual informa-
tion. Representative IR-RFs for four MUs with MI values (IpR, Sq) that were con-
sidered insignificant (p ą .01), or in other words, the values were too low to reject
the null hypothesis that there was no relationship between the spike counts and
the stimulation patterns delivered. Units with largely invariant responses have lit-
tle information capacity and therefore correspond to small MI values. Units that
have firing rates that do not depend on the stimulation pattern have low selectivity.
Conventions for IR-RFs follow those described in Figure 4.9. These units were not
necessarily selected from the same animal or session.

were able to achieve proficiency with the prosthetic after an average of just over a

week’s worth of sessions. In prior work with this prosthetic system, the animals were

able to achieve proficiency in a notably shorter amount of time. Hartmann et al.

(2016) reported that animals implanted in S1 were able to achieve the 85% criterion

in an average of 3.75 sessions, and Thomson et al. (2017) reported V1-implanted

animals typically learned to use the prosthesis within the first session, although S1
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Figure 4.14: High selectivity IR-RFs have significant mutual information.
Representative IR-RFs for four MUs with MI values (IpR, Sq) that were considered
significant (p ă .01), or in other words, the values were high enough to reject the
null hypothesis that there was no relationship between the spike counts and the
stimulation patterns delivered. Units with sparse firing responses, or high selectivity,
correspond to larger MI values since any given spike count response has a lower
probability of happening. This means the unit has a higher information capacity.
Conventions for IR-RFs follow those described in Figure 4.9. These units were not
necessarily selected from the same animal or session.

and näıve animals, those not pre-trained on the visual discrimination task, took

a bit longer at an average of approximately 4 sessions. The most likely reason

for the difference in training times is that I varied the stimulation durations and

recording periods during training sessions in order to informally observe the effects.

Nonetheless, all animals implanted ultimately were able to achieve and sustain high

performance with the prosthesis.
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Although the perceptual experience of the animals cannot readily be determined,

the incredible reaction times (2.45s) achieved by the rats while performing the IR

discrimination task suggest a remarkably robust sensory experience. As described

in Chapter 3, the rat uses its whiskers for exploring its sensory environment, dis-

criminating textures, palpating objects, and navigating byzantine crevices (Brecht

et al., 1997; Carvell and Simons, 1990, 1995; Fanselow and Nicolelis, 1999; Berg and

Kleinfeld, 2003a; Kleinfeld et al., 2006). By its nature, the whisker system, and

the underlying neural circuitry which supports it, is structured to optimally extract

proximal, tactile sensory information from the environment. The scope of features

decoded by such sensory receptors is impressive, but all the more impressive is the

capacity of the brain to become rewired such that the same activity that once only

extended the animals sensory experience the length of its whiskers can be interpreted

as representing distal targets in the environment.

Using the KS test described above, I found that nearly all recorded MUs (ą 97%

in all recorded areas, Figure 4.7) had post-stimulus spike counts that were statisti-

cally distinguishable from their baseline responses. While this does not necessarily

mean that all the units recorded participated in processing or parsing the features

of the IR information, it does indicate that the signals from the prosthesis spread

throughout the brain, at the very least some of the areas interconnected with the

site of stimulation. The MI analysis provides a better assessment of how much in-

formation is actually conveyed to the distal sites, but nonetheless the spread of the

signal is a good indicator that there is information flow beyond the area of the brain

being directly stimulated.

Between the recorded SUs and MUs, there was a substantial decrease in the

number of units with significant responses to ICMS. The most likely reason for this

significant drop is due to the fact that SUs necessarily had fewer detected spikes

than MUs, since all SUs on a given channel were pooled to construct the MU re-
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sponses. Fewer detected spikes means a smaller range of possible spike count values.

A smaller range for the spike counts means greater overlap between the spike count

distributions for the baseline and post-stimulus periods. Just because a unit had a

post-stimulus spike count distribution that could not be statistically distinguished

from its baseline, does not mean that it did not convey information about the stimu-

lation patterns. It is possible that even with a limited range of possible spike counts

that the neuron’s spiking activity could still co-vary with the stimulus. That is, the

cumulative distributions could overlap substantially, preventing us from rejecting

the null hypothesis using the KS test, but still the probability of observing a specific

spike count value in that distribution could be influenced by the stimulation. Thus

it was important to perform the MI analysis. Plus it has recently been argued that

increases in MI can account for the coupling of perception and motor actions (Gupta

and Bahmer, 2019).

The MI analysis gave a similar result as the significant response analysis, in that

MUs were much more likely to convey significant information about the stimulus

compared to SUs. Notably, however, the percentage of MUs with significant MI

values was much lower than those found to have a significant response to ICMS.

As an example of why both sets of analyses were critical, a unit could have a low

baseline spiking rate but switch to a high spiking rate with any amount of stimu-

lation. This would result in a significant outcome in the KS test but it would not

carry much information about what stimulation pattern was delivered during a given

stimulation period. In a decoder, it could still be beneficial for determining whether

the stimulation was ‘on’ or ‘off’ but would need to be accompanied by other units

which varied their responses as a function of the position in the stimulus space to

get good decoding performance. Conversely, a unit that randomly varied between

high, medium, and low spike counts during baseline, but whose probability of being

at any of those levels changed as a function of the stimulus would fail the KS test
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but still possibly have a significant MI value.

An interesting result from the MI analysis as shown in Figure 4.8 was that all the

areas recorded had a similar proportion of units with significant MI values. Given

that we are directly stimulating S1, it is safe to assume that S1 must be participating

in the processing of the artificial sensation in a manner pertinent to the animals’

performance, even if all it was doing was relaying the information elsewhere. Given

the animals’ reaction to high stimulation currents (e.g. rubbing their faces), it is

probable that the animals experience some sort of sensation around their muzzles

during stimulation which they learn to interpret to navigate the behavioral chamber.

If we assume that the perceptual experience they have to work with is something

like sensation on the muzzle, then it is highly likely that S1 plays a major role

in the decoding of the stimulus. Therefore, it is quite interesting that the mutual

information conveyed in S1 is the same as that in other areas.

This strongly supports the notion that the interconnected areas recorded (i.e.

POm and VPM) are playing some role, if not an equal role, in decoding the stimulus.

In the case of VPM, there was an even higher percentage of units that had significant

MI values than S1 units from either hemisphere. That included MUs and SUs.

From studies of other sensory processing paradigms, we know the thalamus already

shows signs of doing some form of integration or parsing of sensory information

(see Chapters 2.1 and 3). VPM is largely considered a first order relay nucleus and

primary driver of S1BF (Bickford, 2016). The finding that it actually appears to have

its RFs shaped by top-down signal transmission is a remarkable finding. It suggests

that the abundance of corticothalamic projections from S1 to VPM (Deschênes et al.,

1998; Alitto and Usrey, 2003; Temereanca and Simons, 2004; Reichova and Sherman,

2004) can do more than just modulate the activity of VPM units but actually change

their RF properties.

The range of observed IR-RFs were quite varied from neuron to neuron and
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animal to animal. As shown in Figure 4.9, the preferences for different stimulation

patterns by the neurons suggest that decoding of the stimulation takes place by an

ensemble of neuronal units. The complex IR-RFs also suggest that the neurons in the

cortex are performing some level of integration of the whole stimulation pattern, that

is even stimulation to the opposite hemisphere influences their firing dynamics. This

is supported by other findings showing ipsilateral whisker responses are mediated by

cross-callosal communication between the hemispheres (Shuler et al., 2001, 2002).

Additionally, the timescale of the stimulation duration (20-80ms) provides ample

time for multi-synaptic communication regarding the frequencies delivered across

hemisphere in a given stimulation event. The variant responses also supports the

potential for a decoder to be used to extract stimulus features from the neuronal

activity. This finding drove the interest in the decoding project described in Chapter

5.

Figure 4.10 summarizes the range of preferred stimulus angles for each brain

region. Previously Hartmann et al. (2016) and Thomson et al. (2017) found that

S1 units had significant preferences for stimuli in the front of the animal’s sensory

space. Cumulative IR-RFs for S1 units were shown to have maximum firing rates

for stimuli in the anterior pole of the population vector space after training with the

IR prosthesis. It was demonstrated that this was not simply due to a preference

for stimulation in the anterior region of S1BF but actually a preference for the

most commonly presented stimuli. Hartmann et al. (2016) demonstrated this by

reversing the connection between the front and rear sensors to their corresponding

stimulating electrodes and finding that the preference even after remapping was for

stimuli in front of the animal. Unlike Hartmann et al. (2016), S1 MUs recorded in

this study were much less likely to favor stimuli presented to the front of the animal

and instead appear to have more lateralized preferences, like those found for V1 units

in Thomson et al. (2017). Notably, the prior work did not distinguish S1 units by
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hemisphere as done here. Although not likely to be statistically significant, S1R and

S1L units have semi bipolar preferences that appear to have subtle but observable

shifts toward their respective anatomical sides. VPM and POm units had angular

histograms that strongly aligned with the histogram of the actual stimuli presented

across the sessions. In fact, the VPM polar histogram appears to line up exactly

with the stimulus histogram. POm units were divided between those with general

left anterior preferences and direct right preferences.

The representative response profiles shown in Figures 4.11 and 4.12 provide com-

prehensive overview of the relationship between the PSTHs and the IR-RFs. To-

gether they provide a summary of both the spatial and temporal encoding dynamics

of the recorded units.

Information-theoretic measures continue to play a vital role in neuroscience due to

the intuitive application of such techniques (Treves and Panzeri, 1995; Rolls et al.,

1998; Rieke et al., 1999; Borst and Theunissen, 1999; Dayan et al., 2001; Victor,

2006; Quiroga and Panzeri, 2009; Wibral et al., 2015; Yin et al., 2018; Yin, 2018). In

my case, MI was useful for providing a model-free quantification of the relationship

between the stimulus and recorded responses. The ability to detect both linear and

non-linear relationship made it invaluable as a technique for addressing the questions

I set out to answer. Furthermore, the relationship between the MI values and the

IR-RFs (as shown in Figures 4.13 and 4.14) suggests that MI is a good proxy for

assessing a unit’s selectivity for the stimulus.

4.4.1 Future directions

Future work to build upon this project would need to entail the following additional

steps from lessons learned throughout this research. First, the IR transform function

used grossly under samples the available stimulus space. This could have artificially

biased the computed MI values, which can be inflated by the ‘limited sampling’ prob-
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lem (Treves and Panzeri, 1995). Even after adding the correction term as described

above, these values could have been too high.

In one of the past papers published on the IR project, an optimized stimula-

tion transform function was described (Thomson et al., 2017). This function was

specifically designed in order to make the probability of any of the stimulation pat-

terns being presented more uniform. Not only does this allow us to more completely

sample the stimulus space provided by the prosthetic system but also increases the

available information to the animal. The increased range of potential inputs would

allow for greater interrogation of the extent to which the rodent brain can represent

varying stimulation patterns.

Second, I would like to summarize the PSTHs found for each unit as a function

of the brain region. Finding the mean PSTH by brain region could reveal differences

in response latencies. Next, the percentage of neurons found to have significant

responses to ICMS using the Kolmogorov-Smirnov (KS) test were unexpectedly high.

I would like to use other methods to verify the results. Although, the KS test

is quite commonly used in studies quantifying significant responses (Nicolelis and

Chapin, 1994; Ghazanfar and Nicolelis, 1997; Ghazanfar et al., 2000; So et al., 2012;

Richardson et al., 2013; Yin et al., 2018; Bieler et al., 2018).

While mutual information and the permutation test used indicates whether the

information gained about the stimulus from the neuronal response was significant,

the degree of tuning to each of the stimulus features (e.g. angle and distance to

the IR source) of each unit was not calculated. One way to calculate the tuning

depth would be to build a model, for example a generalized linear model, of the

neuronal response using the stimulus frequencies, angles to the port, and distances

to the port for each stimulus presented. Then, by building partial models of the

neuronal response with each covariate excluded one at at time, the tuning depth

of each neuron to each covariate could be calculated. Alternatively, other decoders
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could be implemented such as a Bayesian decoder. Using this method, a neuron

dropping curve could be calculated. By dropping neurons randomly from each brain

region separately, the amount of encoding provided by each brain region separately

could be determined.

Last, for the whisker receptive fields, a very coarse measure was used: manual

manipulation of the individual whiskers. The outcome of this was too variable and

subjective to provide an accurate assessment of the actual whisker receptive fields.

Previously, Ghazanfar and Nicolelis (1997); Ghazanfar et al. (2000) utilized a much

more systematic and objective technique for mapping whisker receptive fields. They

implemented an automated device that would individually manipulate whiskers or

rows of whiskers while recording the neuronal activity. This resulted in quantitative

measures of the spatiotemporal receptive fields for the recorded units. This approach

would be more objective and would more accurately provide a sense of the native

connectivity between units.

The work presented here demonstrates somatosensory thalamus robustly responds

to ICMS of S1 and carries information about the stimulus suggesting a role for the

thalamus in encoding the stimulus features. The ultimate goal would be to fully map

out the information flow from S1 to motor cortex and memory centers in order to

develop a comprehensive view of how the brain integrates a new sensory modality.

The next step would be to quantify the spread of IR information delivered to S1

to other cortical and subcortical regions – essentially mapping out the brain-wide

network of neural substrates involved in processing the artificial sensation. I did

perform some preliminary work along these lines. Some work has gone into the

design of a multi-site electrode array and development of the surgical procedure for

implantation of a multi-site recording array.

Surgery with this array has been successful with two rats implanted and trained

in the IR task. Simultaneous recordings were made in primary motor cortex (M1),
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primary visual cortex (V1), as well as the striatum, a critical component of the basal

ganglia, which is involved in reinforcement learning and motor plasticity. These

recordings embody the first step toward a brain-wide analysis of the emergence of a

distributed representation of a new sensory modality in the adult mammalian brain.

Fully characterizing the distributed effect of ICMS will contribute to the improvement

of cortical prostheses meant to restore perception to patients with sensory deficits.

Another future project would be to determine whether or not the thalamic re-

sponse to ICMS is necessary for the animal to learn to use the prosthesis. To that

end, a study using reversible or permanent inactivation of the thalamus in animals

prior to training and following training would reveal this effect.
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5

Decoding Artificial Sensory Information

5.1 Introduction

Extracting stimulus features from neuronal ensembles is of great interest to the de-

velopment of neuroprosthetics that project sensory information directly to the brain

via electrical stimulation. Machine learning strategies that optimize stimulation pa-

rameters as the subject learns to interpret the artificial input could improve device

efficacy, increase learning rates, ensure stability of evoked sensations, and improve

power consumption by eliminating extraneous input. Recordings from a multitude of

neurons naturally stem from non-Euclidean domains due to the heterogeneous con-

nections between recorded units with complex interdependencies best represented

as a graph. Recent advances extending deep learning techniques to non-Euclidean

graph data provide a novel approach to interpreting neuronal spiking activity. For

this study, we apply graph convolutional networks (GCNs) to infer the underlying

functional relationship between neurons that are involved in the processing of artifi-

cial sensory information. Data was collected from a freely behaving rat using a four

IR sensor, ICMS-based neuroprosthesis to localize IR light sources. We use GCNs
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to predict the stimulation frequency across four stimulating channels in the pros-

thesis, which encode relative distance and directional information to an IR-emitting

reward port. Our GCN model is able to achieve a peak performance of 73.5% on

a modified ordinal regression performance metric. For this classification problem,

the model was predicting between 7 classes, making chance 14.3%. Additionally, the

adjacency matrix inferred provides a better representation of the underlying neural

circuitry encoding the artificial sensation compared to standard techniques such as

the correlation matrix or mutual information.

A central objective in systems and computational neuroscience is characterizing

the functional relationships that gives rise to complex behaviors (de Abril et al.,

2018; Friston, 2011; Bullmore and Sporns, 2009). Functional connectivity, defined

as the statistical correlation between remote brain regions, provides a framework for

understanding the communication network and organizational motifs that facilitate

information processing in the brain (Schröter et al., 2017). Additionally, it is of great

interest to be able to classify neuronal events according to the preceding causes, or

experimental conditions. For sensory neuroprosthetics, a primary goal is to predict

what stimulation patterns lead to a specific neurophysiological outcome in the context

of a behavioral task (de Abril et al., 2018; Panzeri et al., 2017). We present a graph

convolutional network (GCN) model for predicting the stimulus features leading to

the observed neurophysiological measurements. Additionally our model infers an

adjacency matrix describing the functional interactions underlying the integration of

a new sensory modality facilitated through a sensory neuroprosthesis.

Invasive recordings of cortical activity can be gathered using implantable microar-

rays, which can sample the extracellular electrical potentials generated by popula-

tions of neurons. These time series can then be compared using a variety of methods

to quantify how information is shared or transferred among the recorded popula-

tions. Understanding functional connectivity can provide valuable insight into how
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the brain encodes external stimuli and can be used to explain differences in task

performance from a mesoscopic level (de Abril et al., 2018).

Existing methods for computing functional interactions are broadly divided into

two groups: model-free and model-based (de Abril et al., 2018; Friston, 2011). Model-

free methods – including techniques such as correlation (Cohen and Kohn, 2011), mu-

tual information (Garofalo et al., 2009), and transfer entropy (i.e., Granger causality)

(Orlandi et al., 2014) – are typically simpler and suffer from the fact that they cannot

generate data for validation. On the other hand, model-based methods – including

generalized linear models (Song et al., 2013), point process models (Lloyd et al., 2015;

Linderman et al., 2016), and maximum entropy models (Roudi et al., 2015) – can be

computationally expensive to fit, and the nonlinearities they capture are limited to

some functional form (e.g., sigmoid or exponential). Both classes of methods fail to

account directly for the effects of external stimuli.

GCNs are a class of deep-learning models used to extract latent representations

from graphs (Kipf and Welling, 2016), including those derived from social networks,

molecular geometry, and traffic patterns (Wu et al., 2019). A single layer GCN is

parameterized by an adjacency matrix A P RNˆN , where N is the number of nodes

in a graph, and a weight matrix W P RDˆD, where D is the number of side features

at each node. Each layer of a deep GCN nonlinearly aggregates features X P RNˆD

from neighboring nodes to produce hidden representations as:

HpX; A,Wq “ fpAXWq (5.1)

where f is a nonlinear activation function. Rows of A denote edges through which

information can flow in a graph: two nodes indexed by i and j have an edge between

them if Aij ‰ 0. Edges can be binary or weighted depending on the application.

While GCNs have shown promise in a wide range of regression and classification

tasks (Wu et al., 2019), it is standard to specify a known adjacency matrix when
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fitting a GCN. For instance, when trying to predict whether two proteins will interact,

one can specify an adjacency matrix describing whether pairs of amino acids are

connected (Fout et al., 2017). When quantifying functional connectivity between

populations of neurons, this matrix is precisely what we wish to infer.

For this study, we use data from a rat equipped with a chronically-implanted

sensory neuroprosthesis which projects information about the direction and distance

to an infrared (IR) light source onto the animal’s primary somatosensory (S1) cortex

(Hartmann et al., 2016; Thomson et al., 2017). The prosthesis is composed of four

IR sensors individually coupled to four distributed stimulation sites in S1. Stimula-

tion pulses are delivered at discrete frequencies aligned to the intensity of IR light

detected by each sensor. Recordings of neural activity are acquired in S1 as well as

two regions of the thalamus known as the ventroposteriomedial (VPM) and posteri-

omedial (POm) nuclei. These regions exchange dense bidirectional projections with

the stimulated region of S1 (Temereanca and Simons, 2004). We hypothesize that in-

formation flow will follow along these innate anatomical pathways, and additionally,

that the adjacency matrix inferred by our models will reveal the effective neuronal

relationships involved in sensory processing of the information from the prosthesis.

In summary, we propose a GCN-based method to extract stimulus-predictive

features from multi-unit spiking activity recorded in the rat barrel cortex and thala-

mus. We infer a neuronal adjacency matrix characterizing the statistical relationship

between neurons during an IR sensory-augmented navigation task. Other baseline

models simply treat the spike count correlation as a measure of functional connectiv-

ity; our model, however, infers an adjacency matrix that captures similar correlation

while also containing unique structure that is optimal for predicting the light stim-

ulus. In regards to the study of artificial sensation – defined as sensory information

that bypasses the endogenous sense organs, the adjacency matrix can reveal under-

lying topology involved in the information flow from the cortical stimulation sites to
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Figure 5.1: Experimental Design (A) Schematic of behavioral chamber with
four stimulus/reward ports. (upper right) Port consisting of visible LED and invisible
IR LED, recessed port with photobeam and water spout. (B) Diagram of sensor
to stimulation site mapping. (C) Diagram of recording sites. Black dots indicate
electrode pairs (S1) and cannulated bundles (VPM and POm). (D) Relationship
between stimulation pulse frequency and IR intensity. Adapted from Hartmann
et al. (2016).

subcortical relay areas. Moreover, using a GCN model, we find that we can decode

the neural activity associated with a particular sensory experience. In the future, a

transform function used in a sensory neuroprostheis could be implemented that aims

to elicit a specific neuronal response in order to improve behavioral performance and

enhance embodiment of the exogenous sensory modality.
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Figure 5.2: Stimulation and recording period for each stimulation event. During
each recording period the number of spikes occurring during the first 70 ms are
counted and treated as regressors for the model.

5.2 Data Collection and Preprocessing

Throughout this paper, we will use the terms neurons, units, and electrodes, inter-

changeably. Since we solely focus on multi-unit activity, spiking activity detected by

each individual recording electrode effectively represents one unit, or node, in our

analysis.

The experimental data analyzed here were acquired from a single rat performing

a sensory-augmented navigation task requiring a cortical sensory prosthesis which

transduces IR light intensity into patterns of electrical stimulation delivered to S1.

Recordings of neural activity were collected once the animal achieved stable pro-

ficiency in the behavioral task. Data were collected over 7 sessions consisting of

between 113 to 201 trials (Table 5.1). Because the stimulation saturates the data

acquisition system, within each trial, the stimulation pulse trains were divided into

stimulating (70ms) and recording (140ms) periods (see figure 5.2). We count the

number of spikes detected during the first half of the recording period following the

cessation of stimulation for each stimulation event and treat these as regressors for

our model.

Briefly, two stainless-steel microwire arrays with 8 recording channels each were

chronically implanted bilaterally in S1, specifically the barrel cortex, a well char-

acterized region of the rat cortical whisker system which serves as one of the most

commonly studied models for sensory processing. These multi-electrode arrays con-
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tained both stimulating electrode pairs, two pairs per hemisphere, for use in the

prosthesis as well as recording electrodes for measuring the neurophysiological ef-

fects, or changes in spiking activity, induced by the stimulation. Further details on

the behavioral set up and the IR-sensing prosthetic system can be found elsewhere

(Thomson et al., 2013; Hartmann et al., 2016; Thomson et al., 2017).

Behavioral experiments were conducted in a cylindrical chamber, which the ani-

mal was able to freely navigate, with a central port and four stimulus/reward ports

evenly spaced 90˝ apart along the circumference (see figure 5.1A). The outer ports

consisted of an IR LED and a water reward spout. The animal was trained to initiate

trials by breaking a photobeam in the central port. Upon initiation, an LED bulb

at a randomly chosen stimulus port would activate. The animal received a variable

water reward upon selecting the port with the activated IR LED.

A magnetically mounted, detachable headcap housing four IR sensors coupled

each sensor to a specific stimulation site in S1 (see figure 5.1B). The sensors were

arranged in a plane every 90˝ with the sensor axes off the animal’s longitudinal

axis by 45˝ . IR sensor to stimulation site mapping was selected to be topograph-

ically ”natural,” as compared to innate contralateral sensory processing paradigms

(e.g. front, left sensor coupled to right, anterior stimulation site, back right sensor

coupled to posterior left site). An IR-intensity-to-frequency transform function was

implemented such that the frequency of stimulation pulse trains delivered through

the stimulating channels increased as the IR light detected by the corresponding

IR sensor increased (see figure 5.1D). The transform function used was a step-wise

exponential. Given this relationship, we will refer to the light level, or intensity, and

stimulation frequency interchangeably.

This work built off prior studies using the IR-sensing prosthesis by incorporat-

ing a secondary recording system consisting of two cannulated 16-microwire bundles

chronically implanted in the right hemisphere thalamus, specifically the VPM and
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POm nuclei (figure 5.1C). The regions of thalamus were selected for their known

dense anatomical connections with the stimulated area of S1. By simultaneously

recording in thalamus and S1 during the IR navigation task, we were able to in-

vestigate the statistical relationship between spiking activity in the recorded areas.

Importantly, this gave us a means of evaluating the functional connectivity as it

relates to the input of a novel sensory modality projected directly onto cortex.

Once the spiking activity was obtained, the artifact was removed in post-processing.

Due to noise, some channels were deemed unusable in some sessions. The final 42

recording channels used in our model were those that contained clear neuronal ac-

tivity across all 7 sessions. This allowed us to compare adjacency matrices inferred

for each session across the individual sessions.

5.3 Model

Our goal is to predict the stimulus frequency transduced from each sensor while si-

multaneously inferring the functional connectivity between the neuronal populations.

For simplicity, these frequencies f P t0, 10, 20, 50, 100, 200, 400u Hz are mapped to

integers yts P t0, 1, 2, 3, 4, 5, 6u (notation explained below). We consider two neu-

ral network architectures to accomplish this goal: one which explicitly takes into

account previous spiking history and another which captures this through a time-

evolving hidden state.

5.3.1 Spike history GCN (SH-GCN)

Figure 5.3 (left) shows the architecture of the SH-GCN model. The inputs and

outputs are given by X P RTˆN and Y P t0, . . . , 6uTˆ|S|, where element xtn of X

represents the number of spikes generated by neuron n “ 1, . . . , N during time bin

t “ 1, . . . , T and element yts of Y represents the corresponding light levels measured

on IR sensors s P S “ t1, 2, 3, 4u. The input layer is a GCN with N nodes containing
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Figure 5.3: Two model architectures. The spike-history GCN (SH-GCN, left)

explicitly accounts for past information by treating previous spike counts X̃
ptq
nd for

d “ 1, . . . , D as GCN node side features. The recurrent GCN (GRU-GCN, right)
maintains a hidden state via a GRU cell that is updated as new samples are observed.
In both cases, the inferred GCN adjacency matrix is shared across hidden layers.

D features: each node of the GCN corresponds to a single neuron and the D features

represent the history of spike counts for that neuron. To derive D spike history

features, for each time bin t, we concatenate rows t ´ D ` 1 : t of X along a new

axis to create a new tensor X̃ P RpT´D`1qˆDˆN . Thus, for each time point, a feature
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matrix X̃ptq P RDˆN is inputted into the GCN.

Graph convolution operations given by (5.1) are applied sequentially to the input

and hidden representations of each X̃ptq, yielding H̃
ptq
l , where l “ 1, . . . , L indexes

the number of hidden GCN layers. Both the adjacency matrix A P RNˆN and

weight matrices Wl P RDˆD are square; hence, the number of nodes and number of

side features is preserved across GCN layers. Moreover, like a standard GCN, the

adjacency matrix is shared across GCN layers while the weight matrix is unique to

each layer. Intuitively, the adjacency matrix is a measure of functional connectivity

and allows information to flow among neurons while the weight matrix allows features

of individual neurons to mix to create meaningful, abstract representations. Each

node represents a single neuron, and the number of hops away from which a node

aggregates information scales linearly with the number of GCN layers.

The adjacency matrix is parameterized as:

A “ tanh Z (5.2)

where tanh is applied elementwise and Z P RNˆN is itself parameterized as Z “ ÃÃJ,

where Ã P RNˆP . The resultant symmetric adjacency matrix can be interpreted as

a nonlinear analog of correlation which explains functional connectivity between

recorded neurons. We chose 2 “ P ăă N “ 42 by performing principal component

analysis (PCA) on the time series. In all sessions, P “ 2 PCs were enough to

represent 60% of the variance in the data. Hence, we restricted the rank of A to

be at most two, allowing the remaining model parameters to capture the rest of the

variance.

5.3.2 Recurrent GCN (GRU-GCN)

Figure 5.3 (right) shows the architecture of the recurrent GCN (GRU-GCN) model.

The model is closely related to the baseline model in that it also utilizes hidden

GCN layers. However, instead of treating spike history as node features, we employ
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a gated recurrent unit (GRU) to keep track of a hidden state (Cho et al., 2014).

This hidden state is advantageous for two primary reasons: (1) it implicitly allows

the model to maintain information from the previous time point all the way back to

the beginning of the time series and (2) the state vector integrates both information

from spike counts and sensor levels as it trained using teacher forcing. On the other

hand, the GRU-based model is much more highly parameterized. Specifically, the

number of parameters in a GRU is given by 3pn2 ` nm` nq where n is the number

of output units and m is the number of input units. We will discuss this tradeoff in

further detail below.

5.3.3 Ordinal regression loss function

As described above, the stimulation frequency is discretized into seven levels. De-

pending on the intensity of the light detected by the IR light sensors, stimulation

at one of those frequencies is delivered to S1. While this can be thought of as a

multi-output, multiclass classification problem for which we can employ a softmax

cross-entropy loss function between the logits generated by the network and one-

hot vector encodings corresponding to each light level, this cost function does not

penalize the weights in proportion to how grossly misclassified the predictions are.

Instead, we employ an ordinal regression (OR) loss function. Intuitively, one

can think of OR as lying between classification and regression. Classes are ordered,

so the greater the deviation from the true class label, the greater the penalty. A

common mathematical framework for OR involves estimating the probability of a

continuous latent variable y˚ lying between two thresholds θi´1 and θi. This latent

variable y˚t may come from any generative process (e.g., a neural network gWpxq with

parameters W) and is typically assumed to follow a standard normal distribution,
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conditional on the input xt. Formally,

P py “ iq “ P pθi´1 ă y˚ ď θiq

“ P pθi´1 ă gWpxtq ` εt ď θiq

“ P pθi´1 ´ gWpxtq ă εt ď θi ´ gWpxtqq

“ Φpθi ´ gWpxtqq ´ Φpθi´1 ´ gWpxtqq (5.3)

The thresholds θi for i “ 1, . . . , K´1, where K is the number of classes, are non-

decreasing and must be learned along with the model parameters W. The P py “ iq

can then be interpreted as the parameters of a categorical distribution, so minimiz-

ing the negative log likelihood will result in maximum likelihood estimates for W

and θ “ rθ1, ¨ ¨ ¨ , θK´1s. While this function is fully differentiable, in practice, we

found that implementing it directly to perform OR it results in slow convergence and

sensitivity to initialization.

A popular method performing OR with neural networks was proposed by (Cheng

et al., 2008). The authors reduce the OR problem to a set of binary classification

problems. Each classifier is associated with a learned threshold, and the the predicted

rank is given by the sum of the outputs which exceed a chosen cutoff. This method

was also employed by (Niu et al., 2016) to determine the age of a subject depicted in

an image using a convolutional neural network and by (Fu et al., 2018) to estimate

depth from single images (where depth is discretized into intervals whose boundaries

must be estimated).

Formally, the class labels for each output s “ 1, 2, 3, 4 are encoded by a pK´1q-hot

vector, with class k P t0, . . . , K´1u represented by a vector with the first k elements

set to 1. For each sample t “ 1, . . . , T , we perform K ´ 1 binary classifications for

each output using a binary cross entropy loss function, indexed by i “ 0, . . . , K ´ 2:

Lptqsi “ ´y
ptq
si logpŷ

ptq
si q ´ p1´ y

ptq
si q logp1´ ŷ

ptq
si q (5.4)

where ŷ
ptq
si “ σpgspX̃

ptqq´θsiq, gspX̃
ptqq is a scalar-valued prediction made by our model
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for output s, and σp¨q is the sigmoid activation function. Losses are accumulated

over time and output and used to train the network weights W and the thresholds

Θ “ rθ1, . . . ,θ|S|s via backpropagation. We choose to use this method of ordinal

regression because of its practical efficacy and straightforward implementation.

5.3.4 Training specifications

We fit each of our models using the Adam optimizer with a learning rate of 0.001,

β1 “ 0.9, β2 “ 0.999, and ε “ 10´8. These are default values in TensorFlow,

and we found the performance to be consistent across a wide range of optimization

hyperparameters. Models were trained on an NVIDIA Titan XP GPU for up to 3000

steps or until average training loss over the past five steps was found to decrease by

less than 0.00005%.

5.4 Results

5.4.1 Evaluation metrics

We compare our models on an OR performance metric modified from (Cheng et al.,

2008; Niu et al., 2016), and defined as:

F̄OR “ 1´

d

1

T |S|pK ´ 1q

ÿ

t,s,k

´

y
ptq
sk ´ 1rŷ

ptq
sk s

¯2

(5.5)

where 1rzs “ 1 if z ą 0.5 and 0 otherwise. F̄OR falls between 0 and 1 with larger

values indicating better performance. Like (5.4), this penalizes for class labels that

are far in rank from the true label. For reference, we also report average, weighted

F1 score defined as:

F̄1 “
1

|S|
ÿ

s,i

2
psi ¨ rsi
psi ` rsi

ni (5.6)

where ni is the fraction of points belonging to class i “ 0, 1, . . . , K ´ 1 and psi and

rsi are, respectively, the precision and recall for the ith label on the sth output.
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5.4.2 Performance comparison

Table 5.1 shows the performance of our model on each of the sessions compared to a

number of baselines. Bolded values indicate the best GRU and best non-GRU mod-

els for each session (separated by a dashed line). For the SH-GCN model trained

with ordinal loss, we indicate in parentheses the performance of the analogous model

which penalized for deviations of the adjacency matrix away from the empirical cor-

relation matrix using an L2 norm. We find that the GRU-based models outperform

the non-GRU based models - often by a large margin. In addition, we see that,

among the non-GRU models, those which utilize ordinal loss typically outperform

those minimizing cross-entropy. Most OR-based SH-GCN models preferred three to

five spike history features, affirming the importance of past information in predict-

ing stimulus intensity. This is further illustrated by improvement in performance

obtained using the GRU-GCN.

We first considered a näıve feedforward network baseline trained with cross-

entropy loss. The model consisted of N “ 42 input features corresponding to the

number of spikes in the current time bin t for each neuron and L “ 3 hidden lay-

ers with 15, 15, and 10 hidden units. To determine whether the graph structure

was beneficial to predictive performance, we trained an SH-GCN model, also with

L “ 3 hidden layers and with D “ 1 side feature corresponding to the spike count

in the tth time bin. We found that in three out of seven sessions, the SH-GCN

model outperformed the feedforward. We attribute the relatively good performance

of the feedforward model to the larger number of network parameters. Specifically,

the feedforward network contains separate weight matrices for each hidden layer.

On the other hand, the adjacency matrix for the SH-GCN is shared across layers.

Moreover, the layer-specific SH-GCN weight matrix reduces to a scalar since only

one side feature is employed. However, the feedforward model does not provide the
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Figure 5.4: Confusion matrices for GRU-GCN model trained on OR loss.
This was the top-performing OR-loss-based GRU-GCN model for session 4 shown as
a comparison the top-performing cross-entropy-based (SH-GCN) model. Values in
each cell represent the fraction of points in the ’True Label’ class that were assigned
that ‘Predicted Label’.
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Figure 5.5: Confusion matrices for SH-GCN model trained on cross-
entropy loss. This was the top-performing cross-entropy-based (SH-GCN) model
for session 4 shown as a comparison the top-performing GRU-GCN model trained
on OR loss. Values in each cell represent the fraction of points in the ’True Label’
class that were assigned that ‘Predicted Label’.

119



interpretability offered by the SH-GCN model because it lacks an adjacency matrix.

We next compared the SH-GCN model fit with cross-entropy to SH-GCN fit with

OR loss. We did an achitecture search over number of hidden layers L P t1, 3u and

number of spike history features D P t1, 3, 5u. We report the performance of the best

SH-GCN configuration in Table 5.1. We found that enforcing an OR loss resulted in

an improvement in F̄OR and F̄1 in a majority of sessions. The OR-based model comes

closer to accurately predicting the direction towards the IR source driving the ob-

served neuronal activity. This is because the OR-based model biases the predictions

of the stimulus to be closer to the ground truth labels while the cross-entropy model

has more variance in its predictions. An improved F̄OR is especially desirable given

our objective of decoding the neural activity associated with a particular sensory

experience.

One drawback of the SH-GCN model is that the number of parameters grows

quadratically with the number of side features: specifically, if we incorporate D

spike history features, we need a D ˆ D matrix W to perform a linear map. This

motivates the use of a GRU to keep track of the hidden state. The GRU parameters

scale linearly with the number of input features, and quadratically with the number

of outputs. In our case, we restrict the number of output features (which matches

the dimension of the GRU hidden state) to be 10. This is a reasonable compromise

between the number of inputs N “ 42 and the number of model outputs (four scalars

for ordinal regression on each output). We compared the performance of a baseline

GRU model with 10 hidden layers with that of the best SH-GCN model trained

with OR loss. We found that incorporating a hidden state can improve predictive

performance; however, SH-GCN models that preferred more than one previous spike

history feature tended to perform just as well.

Finally, we evaluated the performance of the GRU-GCN model, which not only

maintains a hidden state but also allows us to infer connectivity using a GCN. We
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trained the model with L P t1, 3u one and three hidden layers and found that in all

but one session, the GRU-GCN outperforms the GRU model. In addition, in five

out of the seven sessions, the GRU-GCN model outperforms all other models. This

is because the hidden state maintains information not only about spiking history

but also about past stimulus information. As shown in Figures 5.4 and 5.5, pre-

dictions made by the GRU-GCN model result in confusion matrices whose elements

are more concentrated along the diagonal, indicating fewer gross misclassifications,

when compared to the best performing model trained using cross-entropy.

5.4.3 Functional interactions analysis

As described previously, we hypothesize that information is transmitted from S1 to

VPM and POm during the sensory-augmented navigation task. The mutual infor-

mation, or measure of the information gained between units, and cross-correlation

matrices for each session show highly correlated activity for units within VPM (see

figure 5.6). This is further captured by the SH-GCN model under L2 regulariza-

tion constraining the adjacency matrix approximately to the correlation coefficients.

Importantly, as shown in Table 5.1, L2 regularization always decreases F̄OR. This

indicates that correlation of neural activity is not the best predictor of stimulation

frequency. On the other hand, the adjacency matrices for the SH-GCN without L2

regularization and the GRU-GCN models for all sessions show two important fea-

tures: 1) the correlative activity between VPM neurons becomes de-emphasized and

2) the networks consisting of S1 units with other neurons become more pronounced.

This appears to support our hypothesis that the adjacency matrix inferred by the

GCN models will emphasize the networks involved in sensory processing within the

augmented navigation task.

In the endogenous circuitry, VPM serves a central role in facilitating processing of

whisker deflections. Given that the rat continues to utilize its whisker system while
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Figure 5.6: Comparison of the adjacency matrices inferred from our GCN
models to other baseline functional connectivity methods. Grid overlay on
each matrix delineates the brain area (S1, VPM, or POm) correspondence for each
node. Top row shows the adjacency matrix derived for each session (GRU-GCN). The
second and third rows show the adjacency matrices derived using the SH-GCN model
without and with L2 regularization, respectively. Fourth row shows the correlation
coefficients (Corr), and the bottom row shows the mutual information (MI) between
each unit.

navigating the chamber, the correlated activity within VPM likely encodes this.

However, as evidenced by the results of the GCN-based models, these correlations

prove uninformative with regards to predicting the stimulus delivered via the sensory

prosthesis. The strong edges connecting nodes in VPM and POm to S1 suggest that

stimulation delivered to S1 by the prosthesis is being routed to VPM and POm.

The correlation matrix provides some sense of functional relationships between

units; however, statistical measures of significant coactivations between units do not
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indicate the network created by those units are necessarily involved in the processing

of an external stimulus delivered through a sensory prosthesis. Here we are interested

in the adjacency matrix inferred by the GCN model because it indicates not only units

that have statistical correlations but specifically shows which units show significant

correlations in the context of a sensory stimulus. This reveals underlying networks

involved in processing the information being projected via the prosthesis.

5.5 Discussion

In this study, we sought to apply a novel technique based in graph theory and deep

learning to better understand how the brain incorporates a new sensory modality.

While deep learning strategies have provided remarkable results for a number of

classification tasks, extending those benefits to graph data remains a challenge. Ad-

vances in graph-based deep learning approaches have proven to provide often superior

performance compared to standard machine learning techniques (Kipf and Welling,

2016; Defferrard et al., 2016; Wu et al., 2019). The benefit of our approach is that is

not only provides a method for decoding neural activity but also revealing networks

between recorded units involved in processing the stimulus being decoded.

Systematic study of the rodent whisker system have revealed a great deal of the

underlying network involved in processing whisker information (Figure 5.7). The

standard feedforward model, however, does not suggest a strong role for the cortex

in shaping receptive fields of endogenously “upstream” nuclei in the thalamus. The

results described in Chapter 4, however, suggest that a significant amount of infor-

mation is carried from the cortex to the thalamus, and further the IR-RFs found in

thalamic nuclei arise as a result of the interconnections between the regions.

We compared a number of different machine learning models in decoding the stim-

ulation patterns delivered in a given substimulation event to our new GCN model.

As shown in Table 5.1, the overall best model was the GRU-GCN model. This gave
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Figure 5.7: Schematic diagram of the rodent whisker system from the
face to the cortex. Pathways through the trigeminal ganglion to the brainstem,
thalamus, and cortex are represented. The arrows indicate information flow between
connected sites. The somatotopic preservation through each stage is illustrated with
colored maps representing the sites of whisker processing. Reprinted with permission
of John Wiley and Sons, from Mosconi et al. (2010); permission conveyed through
Copyright Clearance, Inc.

us the single best performing model with 73.5% correct on the performance metric

described above, and also performed the best on 5 out of 7 sessions. GRU models

together performed best on 6 out of 7 sessions. One session had the näıve feedforward

network as the top performing.

The adjacency matrix inferred by our best model, when compared to other mea-

sures of functional connectivity, notably shows a de-emphasize of intrathalamic cor-

relations. Given that information about the stimulus being decoded must go through

cortex, as that is the site of stimulation, the inferred adjacency matrix provides an

intuitive results that aligns with her hypotheses.

Taken together with the results described in Chapter 4, the adjacency matrix in-

ferred here suggests a robust information transmission pathway from S1 to thalamus

that conveys significant information about the stimulus presented to the cortex and

exerts strong influence over the receptive field properties of the thalamus (see Figure

5.8).

In conclusion, we find that GCN-based models perform well in predicting stim-
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Figure 5.8: Strength of relationship between S1 and thalamus as impli-
cated by the adjacency matrix. Arrows indicate the proposed flow of information
for the projected artificial sensation input to the cortex as direct electrical stimula-
tion. Adapted with permission of John Wiley and Sons, from Mosconi et al. (2010);
permission conveyed through Copyright Clearance, Inc.

ulation frequency from neuronal activity when a rat performs a sensory augmented

navigation task. Additionally, these models are able to infer functional networks

between S1, VPM, and POm regions of the brain (see Figure 5.8), helping to explain

how neuronal circuitry might encode an artificial sensory modality provided through

a prosthesis.

For future steps, I would like to train the GCN model on different limited datasets

to compare the performance afforded by each brain area. Specifically, I would train

the model on S1 and POm data alone, S1 and VPM, VPM and POm, and so on.

This would provide insights into the relative contribution of each brain area on the

performance.
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Table 5.1: Out-of-sample performance of baseline and proposed models on
seven sessions. Sess = session ID. Under model, G-G=GRU-GCN, S-G=SH-GCN,
and FF=feedforward. Loss describes the loss function used for the model (Ord =
ordinal regression, CE = Cross-entropy).

Sess Trials Model Loss L D # F̄1 F̄OR

(# Samples) params

G-G Ord 3 1 1425 0.578 0.652
GRU Ord 0 1 1296 0.567 0.649

1 113 S-G Ord 5 1 579 0.577 (0.456) 0.649 (0.572)
(17.0˘ 7.4) S-G CE 3 1 1501 0.558 0.651

FF CE 3 1 1353 0.536 0.633
G-G Ord 3 1 1425 0.642 0.697
GRU Ord 0 1 1296 0.622 0.676

2 201 S-G Ord 3 5 1741 0.619 (0.603) 0.678 (0.670)
(10.4˘ 4.3) S-G CE 3 1 1501 0.574 0.672

FF CE 3 1 1353 0.566 0.649
G-G Ord 1 1 1425 0.651 0.689
GRU Ord 0 1 1296 0.638 0.688

3 145 S-G Ord 3 3 1105 0.614 (0.508) 0.678 (0.626)
(14.6˘ 5.7) S-G CE 3 1 1501 0.623 0.673

FF CE 3 1 1353 0.641 0.696
G-G Ord 1 1 1425 0.699 0.735
GRU Ord 0 1 1296 0.657 0.699

4 169 S-G Ord 3 5 1741 0.678 (0.683) 0.720 (0.718)
(15.2˘ 4.7) S-G CE 3 1 1501 0.635 0.702

FF CE 3 1 1353 0.681 0.712
G-G Ord 1 1 1296 0.604 0.683
GRU Ord 0 1 1425 0.595 0.674

5 134 S-G Ord 3 3 1105 0.598 (0.499) 0.676 (0.636)
(16.4˘ 5.1) S-G CE 3 1 1501 0.563 0.670

FF CE 3 1 1353 0.595 0.674
G-G Ord 1 1 1425 0.617 0.711
GRU Ord 0 1 1296 0.648 0.718

6 152 S-G Ord 3 3 1105 0.590 (0.542) 0.706 (0.697)
(15.4˘ 4.9) S-G CE 3 1 1501 0.565 0.698

FF CE 3 1 1353 0.624 0.718
G-G Ord 1 1 1425 0.621 0.678
GRU Ord 0 1 1296 0.602 0.671

7 120 S-G Ord 3 1 493 0.557 (0.585) 0.637 (0.622)
(16.2˘ 5.0) S-G CE 3 1 1501 0.560 0.632

FF CE 3 1 1353 0.531 0.606
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6

Conclusions

In this dissertation, I sought to characterize the role of the thalamus, highlight the

utility of the rodent whisker system for studying sensory coding, and summarize my

work investigating how artificial sensation is integrated into the brain.

In order to project more complex sensory information, sensory prostheses could

benefit from the higher throughput capacity of the CNS (Hartmann et al., 2016; Salas

et al., 2018; Andersen et al., 2014; De Lafuente, 2018; O’Doherty et al., 2009; Lebedev

and Nicolelis, 2006, 2017). To assess this benefit, research should be conducted to

elucidate the brainwide implications of artificial sensation. To that end, I investigated

how the rodent brain represents artificial sensory information provided through a

cortical prosthesis while performing a discrimination task based on the artificial

sense. The initial motivation for this project was to characterize the effect on distal

brain areas when a new sensory modality is projected directly onto sensory cortex

via electrical stimulation.

Given the dense interconnections between thalamus and sensory cortex (De-

schênes et al., 1998; Nicolelis and Fanselow, 2002a; Alitto and Usrey, 2003; Hirai

et al., 2018; Temereanca and Simons, 2004) and compelling evidence indicating the
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thalamus’s role in multisensory processing and as a transcortical relay (see Section

2.1.4), the thalamus presented a logical first location for characterizing information

flow from primary somatosensory cortex (S1) to other target ares. A subject can only

act on sensory information if the features of the stimulus are processed, executive

functioning determines its reward value, and motor plans are constructed to drive

behavior to act on the sensory information. This motivated the idea that the tha-

lamus plays a vital role in allowing an animal to learn a new sense, and that higher

order nuclei in the thalamus will participate in transferring the sensory information

to the target sites for initiating said motor plans. As a primary relay between cor-

tical and subcortical brain regions, enhancing the emergence of IR representations

in the thalamus may serve as an clinically beneficial endpoint target for improving

performance with a prosthetic device and promoting incorporation of the sensory

prosthesis into the natural sensory repertoire of the subject. Additionally, improved

understanding of information flow and downstream signal processing will allow more

effective stimulus pre-processing methods to match the properties of the remodeled

cortical and corticothalamic circuitry.

Prior work in our lab has demonstrated that adult rats equipped with a novel

ICMS-based cortical prosthesis, which transduces infrared light (IR) into electri-

cal stimulation, quickly learn to detect and localize IR sources in a four-choice IR

discrimination task (Hartmann et al., 2016; Thomson et al., 2013, 2017). Rats profi-

ciently use the neuroprosthesis whether IR information is projected onto the primary

somatosensory (S1) or primary visual (V1) cortex, suggesting a general principle of

functional plasticity in sensory cortex (Thomson et al., 2017). This IR-sensing pros-

thetic system provides an innovative paradigm for studying experience-dependent

plasticity and elucidating how the adult brain incorporates new sensory information

into ongoing sensory processes.

As discussed in Chapter 4, the specific objectives of this research were to deter-
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mine whether task-relevant stimulation modulates the spiking activity of VPM or

POm neurons in awake, freely behaving animals, quantify the proportion of units

in thalamus and S1 that significantly encode the stimulus features of the artificial

sensory information, and characterize the emergent receptive field properties of units

encoding the artificial sensation. These goals were addressed by comparing the base-

line spike counts to post-ICMS spike counts using a two-sample Kolmogorov–Smirnov

tests. A mutual information analysis was used to determine the amount of informa-

tion the neural spiking activity conveyed about the stimulus projected onto S1BF.

A summary of the key results are as follows:

1. a large percentage of VPM and POm units have significant responses to ICMS

delivered to S1

2. the finding that a much smaller percentage of SU as compared to MU have

significant responses could reflect that the response to ICMS may not be en-

coded by a large changes in individual units but the accumulated responses of

ensembles is significant

3. substantial portions of VPM and POm units convey significant MI about the

stimulation pattern

4. GCNs provide a high performing method for decoding stimulation patterns

from neuronal activity

5. functional interactions can be inferred by the adjacency matrix derived from a

GCN model

S1 units were found to be highly responsive to stimulation. Additionally, a sig-

nificant amount of VPM and POm units were also responsive to the stimulus. This

suggests that the region of the brain affected by ICMS is not constrained to the site

of stimulation but is much more distributed.
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Additionally the implementation of GCN models to decode the stimulus param-

eters from the neural activity demonstrated that thalamic units participated in the

processing of the new sense. The adjacency matrix derived from training the GCNs

also had the advantage of revealing neuronal connections that best improve the pre-

dictions, demonstrating a novel approach to measuring functional interactions in the

context of artificial sensory processing.

Thus this research makes two major contributions to the study of cortical sensory

prostheses as well as fundamental questions pertaining to adult neuroplasticity and

neural organization. The first part characterized how learning to use an ICMS-

based neuroprosthesis results in the emergence of new sensory representations in

cortical and subcortical regions of the brain. Such improved understanding of the

downstream signal processing that takes place when projecting sensory information

directly to the cortex will contribute to the development of next generation sensory

prostheses which seek to promote embodiment of a synthetic limb or internalization

of a new sense (O’Doherty et al., 2011; Salas et al., 2018; Tabot et al., 2013; Andersen

et al., 2014; Dadarlat et al., 2015; de Abril et al., 2018; O’Doherty et al., 2009).

In the second part, I collaborated on a new method for decoding sensory informa-

tion in the brain that also reveals functionally effective circuits involved in processing

that information. By implementing a GCN model for extracting stimulus features

from neuronal activity, the adjacency matrix inferred by the neural network model

reveals the connections between nodes most pertinent to predicting the sensory in-

formation. This represents a novel technique for determining the underlying graph

representation of neural circuits involved in a particular sensory processing function.

The next steps I would execute to build on this project would be the following:

• use an IR transform function that more broadly samples the stimulus space

afforded by the IR prosthetic system
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• produce statistical summary of PSTHs found across all units by brain area

• compare polar plots of the stimulation population vectors to the polar plots

of each units preferred population vector to quantify how much the neuronal

response encodes the stimulus statistics

• implement a generalized linear model (GLM) of the neuronal response from the

covariates including frequency through the four stimulators, distance to the IR

source, and direction of the IR source and produce partial models in order to

quantify tuning depth for each unit recorded

• use a Bayesian decoder to measure how much the neuronal activity encodes the

stimulus and produce neuron dropping curves for each region to assess relative

contribution by brain area

• implement a more objective method for quantitatively characterizing the whisker

receptive fields of recorded neurons

• train the GCN model on different limited datasets to compare the performance

afforded by each brain area

The work presented here demonstrates somatosensory thalamus robustly responds

to ICMS of S1 and carries information about the stimulus suggesting a role for the

thalamus in encoding the stimulus features. The ultimate goal would be to fully map

out the information flow from S1 to motor cortex and memory centers in order to

develop a comprehensive view of how the brain integrates a new sensory modality.

The next step would be to quantify the spread of IR information delivered to S1

to other cortical and subcortical regions - essentially mapping out the brain-wide

network of neural substrates involved in processing the artificial sensation. I did

perform some preliminary work along these lines. Some work has gone into the
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design of a multi-site electrode array and development of the surgical procedure for

implantation of a multi-site recording array.

Surgery with this array has been successful with two rats already implanted and

trained in the IR task. Simultaneous recordings were made in primary motor cortex

(M1), primary visual cortex (V1), as well as the striatum - a critical component

of the basal ganglia involved in reinforcement learning and motor plasticity. These

recordings embody the first step toward a brain-wide analysis of the emergence of a

distributed representation of a new sensory modality in the adult mammalian brain.

Fully characterizing the distributed effect of ICMS will contribute to the improvement

of cortical prostheses meant to restore perception to patients with sensory deficits.

Another future project would be to determine whether or not the thalamic re-

sponse to ICMS is necessary for the animal to learn to use the prosthesis. To that

end, a study using reversible or permanent inactivation of the thalamus in animals

prior to training and following training would reveal this affect.

The real-world implications for this research are that understanding how artifi-

cial sensory information flows throughout the brain would benefit the development

of prostheses for those suffering sensory deficits or neurological damage. Cortical

prostheses that bypass damaged circuitry and deliver environmental information di-

rectly to the brain offer a solution. This approach could be used to provide tactile

sensation for a prosthetic limb, restore a sense of sight in those with cortical visual

impairment, or recruit intact cortex to take on the lost functionality of damaged

regions of the brain. Importantly, developing devices that best serve these patient

populations requires deepening our understanding of the mechanisms underlying the

brain’s ability to incorporate information from a sensory prosthesis.
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Table A.1: Multi-unit analysis of significant responses to stimulation (Tha-
lamus). ‘-’ indicates no units were available for calculating a percentage.

Session ID
Multi-unit Analysis (Thalamus)

POm VPM
Stim Response MI Stim Response MI

A1 100% 0% 100% 0%
A2 100% 0% 100% 58%
A3 100% 8% 100% 46%
A4 100% 8% 100% 67%
B1 100% 38% 100% 100%
B2 100% 81% 100% 94%
B3 93% 100% 100% 100%
B4 93% 47% 100% 100%
B5 75% 100% 100% 87%
B6 100% 53% 100% 94%
B7 100% 80% 100% 100%
C1 93% 100% 100% 93%
C2 100% 53% 87% 80%
C3 93% 80% 100% 79%
D1 100% 88% 93% 67%
D2 100% 80% - -
D3 73% 100% 93% 100%
D4 100% 33% 100% 93%
D5 100% 17% 100% 93%
E1 100% 85% 100% 77%
E2 100% 87% 50% 50%
F1 100% 80% 100% 100%
F2 88% 75% 100% 100%
F4 100% 91% 100% 85%
F5 100% 64% 100% 92%
F6 100% 14% 100% 100%
G1 100% 17% 86% 57%
G2 83% 50% 78% 33%
G3 100% 17% 100% 50%
G4 100% 30% 100% 69%
G5 89% 22% 93% 40%
H1 100% 67% 100% 27%
H2 100% 82% 100% 50%
H4 100% 80% 100% 60%
H5 100% 67% 100% 69%
H6 100% 47% 100% 81%

TOTAL 97% 57% 97% 74%
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Table A.2: Multi-unit analysis of significant responses to stimulation (S1).
‘-’ indicates no units were available for calculating a percentage.

Session ID
Multi-unit Analysis (S1)

S1R S1L
Stim Response MI Stim Response MI

A1 100% 75% 100% 33%
A2 83% 0% 100% 86%
A3 100% 100% 100% 86%
A4 100% 57% 100% 83%
B1 100% 63% 100% 63%
B2 100% 100% 100% 71%
B3 100% 100% 100% 100%
B4 100% 100% 100% 100%
B5 100% 100% 100% 100%
B6 100% 88% 100% 100%
B7 100% 50% 100% 100%
C1 100% 100% 100% 100%
C2 88% 13% 75% 25%
C3 100% 100% 100% 71%
D1 88% 88% 100% 88%
D2 100% 50% 100% 33%
D3 100% 14% 100% 40%
D4 100% 100% 100% 83%
D5 100% 29% 100% 67%
E1 100% 63% 100% 43%
E2 100% 100% 100% 57%
F1 100% 63% 75% 0%
F2 100% 17% 100% 100%
F4 100% 86% 100% 100%
F5 100% 88% 100% 100%
F6 100% 100% 100% 100%
G1 100% 29% 100% 50%
G2 100% 43% 100% 50%
G3 100% 67% 100% 50%
G4 100% 50% 100% 67%
G5 100% 50% 100% 0%
H1 100% 83% 100% 100%
H2 100% 50% 100% 80%
H4 100% 57% 100% 100%
H5 100% 71% 100% 71%
H6 100% 83% 100% 71%

TOTAL 99% 67% 99% 71%
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Table A.3: Single unit analysis of significant responses to stimulation (Tha-
lamus). ‘-’ indicates no units were available for calculating a percentage.

Session ID
Single Unit Analysis (Thalamus)

POm VPM
Stim Response MI Stim Response MI

A1 33% 0% 33% 13%
A2 - - - -
A3 - - 33% 67%
A4 - - 33% 33%
B1 68% 32% - -
B2 62% 46% 50% 50%
B3 - - 22% 94%
B4 - - 13% 75%
B5 33% 100% 50% 33%
B6 33% 56% - -
B7 40% 80% 33% 100%
C1 20% 80% 27% 70%
C2 29% 29% 20% 50%
C3 20% 100% 25% 65%
D1 - - - -
D2 10% 20% - -
D3 17% 83% 25% 100%
D4 20% 50% 26% 81%
D5 22% 44% 25% 75%
E1 - - 25% 38%
E2 - - 24% 68%
F1 67% 67%
F2 67% 67% 56% 28%
F4 - - - -
F5 - - - -
F6 25% 0% 50% 75%
G1 67% 0% - -
G2 100% 0% 53% 42%
G3 - - 100% 22%
G4 - - 90% 70%
G5 - - 75% 25%
H1 25% 25% 33% 0%
H2 20% 50% 50% 8%
H4 - - 100% 38%
H5 50% 0% 100% 100%
H6 - - 44% 11%

TOTAL 39% 44% 45% 53%
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Table A.4: Single unit analysis of significant responses to stimulation (S1).
‘-’ indicates no units were available for calculating a percentage.

Session ID
Single Unit Analysis (S1)

S1R S1L
Stim Response MI Stim Response MI

A1 26% 37% 33% 67%
A2 17% 0% 25% 0%
A3 - - 44% 33%
A4 25% 0% 45% 36%
B1 20% 20% 50% 100%
B2 - - 20% 20%
B3 25% 50% 25% 38%
B4 - - 25% 63%
B5 67% 83% 33% 33%
B6 20% 100% 29% 59%
B7 18% 64% 50% 25%
C1 50% 50% 17% 71%
C2 29% 35%
C3 57% 57% 25% 100%
D1 58% 83% 36% 55%
D2 14% 71% 67% 50%
D3 33% 67%
D4 25% 75% 67% 67%
D5 - - 33% 67%
E1 50% 100% 33% 67%
E2 30% 50% - -
F1 29% 43% - -
F2 25% 63% - -
F4 33% 67% 83% 50%
F5 33% 44% - -
F6 17% 17% 27% 18%
G1 - - - -
G2 - - 31% 69%
G3 50% 0% - -
G4 - - 14% 14%
G5 67% 0% - -
H1 - - 25% 25%
H2 - - 57% 43%
H4 50% 50% - -
H5 - - 22% 33%
H6 50% 50% 25% 38%

TOTAL 36% 49% 36% 48%
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