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CHAPTER 1

Introduction

“I de ne nothing. Not beauty, not patriotism. | take each thing as it is, without prior rules about what it
should be”

- Bob Dylan

1.1 What Are We Looking For?

In a world with an ever-growing enormity of useful and engaging information, and likewise increasing
distractions, we are constantly guiding our attention to explore our environment. By directing our attention

to speci ¢ people, places, and things, we can more carefully gather information and engage meaningfully
with the world around us. While the usefulness of this attentional selection as a core cognitive function is

not in doubt, an understanding of how our brains realize this mechanism is by no means complete. This
dissertation serves to build on our understanding of attentional selection in the brain by investigating how
certain neural circuits engage in attentional selection of useful visual information. Along the way, we can
determine how these circuits produce signals across a range of spatial scales, from populations of neurons to
electric elds outside the brain, yielding important discoveries towards linking attention research across

species and techniques.

1.2 Visual Search and Attentional Selection

To reiterate, our environment is lled with information, some is useful to our goals, and some of it is not. To
focus on useful information we deploy selective attention. From the psychological perspective, selective
attention is the process through which we scrutinize items in our environment (Pashler, 1998). In deploying
selective attention, we effectively prioritize the processing of speci ¢ stimuli, perhaps at the expense of
processing others. A number of well-controlled behavioral tasks have been developed throughout the history
of psychological research to investigate selective attention, one of which is known as visual search. Visual
search is a simple task where the subject is required to identify the presence or exact location of a target
object in a visual display. In the broadest sense, visual search is the process by which we explore our
environment to gather information regarding the present stimuli. The "Where's Waldo?” series of children's
books and "I Spy With My Little Eye” game exemplify the visual search task and its behavioral
requirements. Visual search is an especially effective attention task in investigating how itesakeated

for directed attention, a process known as attentional selection. Experimental work on selective attention



began in the mid-twentieth century (Cherry, 1953; Broadbent, 1958) as did research on visual search (Ellis,
1947; Carpenter, 1948; Mackworth, 1948). Since these earliest studies, decades of research has produced
thousands of works on visual search, attentional selection, and their intersection. As such, these research
programs taken a variety of directions, pursuing differing aspects of visual search and attentional selection.
For instance, you can imagine versions of visual search that are more or less dif cult. Searching for Waldo
when there are dozens of other individuals wearing red-and-white striped clothing is substantially more

dif cult than when every other person is wearing solid green and Waldo is the lone red-striped individual.
For the purposes of this dissertation, we will focus on the latter, a form of visual search known as 'pop-out'.
With pop-out we are afforded a window into the attentional selection process in a simple task which has a

substantial history to contextualize ndings.

1.3 Pop-out, Clearly

Pop-out visual search, perhaps the simplest form of visual search, is characterized by identi cation of a
conspicuous target. That is, pop-out refers to search conditions where an object is noticeably different in one
feature dimension relative to the objects surrounding it, as for example is a red berry among green leaves.
With the simplicity comes a notable behavioral observation. In the early 1950's, the rst study was

performed investigating the speed at which items in visual search displays are selected through careful
manipulation of the features making up the objects participants searched through (Eriksen, 1952). It was
found that targets distinguished by single features (i.e., pop-outs) were identi ed faster than conjunctions of
features. Conjunctions of features refers to items that are comprised of more than one notable feature such
as a red square or green circle. From here, indexing attentional selection in time through behavioral response
times (RTs) in visual search has become a staple of psychological research and, as will be discussed in detalil
later on, have become immensely powerful in relating selection times measured in the brain to the
psychological measures of attentional selection.

Another seminal moment in pop-out search investigation was when direct comparisons were made
between pop-out search response times and conjunction search response times as a function of the number
of items in the search array (Treisman and Gelade, 1980). It was noted that while increasing the number of
items in conjunction search linearly increased response time, response times in pop-out search were
relatively invariant. Ultimately this supported the idea that a single feature dimension could be processed in
parallel, no matter the number of items in the display. Therefore, in the case of single-feature pop-out, it
might therefore be that the process of attentional selection is unfolding without the need for multiple shifts
of directed spatial selective attention that would be necessary for scrutinizing items made up of several

useful features. One key takeaway is that this suggests that the timing of attentional selection in pop-out



search can perhaps be indexed more reliably due to this relative invariance. Another takeaway was given the
seemingly 'parallel' nature of single-feature pop-out processing and the rapid RTs that were associated with
these searches, pop-out could be resolved at a relatively low-level. In fact, modeling work puts forward that
these simple feature contrasts can be resolved in a purely feedforward network (Itti and Koch, 2000). In
other words, pop-out visual search could be resolved even in the earliest stages of sensory processing. To
summarize, pop-out search is unique in that the task itself is rather simple visual search, but the processing
required to resolve it has the potential to be either high- or low-level (Chun et al., 2011).

From these highlights of the otherwise extensive literature that is pop-out research, we gain key
insights moving forward. With our ultimate goal of understanding circuits supporting attentional selection
across measurement scales, pop-out (1) allows us to evoke attentional selection in (2) a relatively simple
(and reliably trainable) task which (3) utilizes individual features and (4) has the potential of being
accomplished through anything from early sensory processing to higher-level cognitive control. To
contextualize, these points have allowed previous investigations, and the work to be presented here, into
attentional selection in nonhuman primates with the ability to manipulate search conditions (e.g., individual

features) in ways useful for pursuits into understanding the requisite underlying neural activity.

1.4 A Primer on Neuronal Attentional Selection in Visual Search

Following extensive behavioral studies, and once the technology had become suf ciently sophisticated,
neuroscienti ¢ investigations into attention ensued. Early studies focused on attentional modulation of
sensory responses with directed cuing (Moran and Desimone, 1985). In other words, how do responses of
neurons representing items in space change as a function of whether or not the subject has been informed to
attend to the part of space where that item exists. In short, these early studies discovered that neurons
representing items in the part of space being attended to responded more vigorously than those outside the
area of attention. With this seminal nding demonstrating neural correlates of attention, soon after the
neuronal mechanisms of attentional selection in visual search, as well as other tasks, became a heavily
pursued topic of investigation.

Neural correlates of visual search performance have been identi ed across the brain. Visual, temporal,
parietal, frontal, thalamic, and midbrain areas have all been shown to modulate their activity as a function of
behavioral requirements in searching visual displays (see (Schall, 2015; Saalmann and Kastner, 2011;
Carrasco, 2011; Moore and Zirnsak, 2017; Reynolds and Heeger, 2009; Krauzlis et al., 2013; Colby and
Goldberg, 1999) for reviews). As our primary objective in this dissertation is obtain a greater understanding
of visual information processing and selection rather than, say, motor planning (Schall, 2015) or

performance monitoring (Schall et al., 2002)), we can narrow our focus to certain ndings.



Visual cortical areas have been a focus of intense investigation in the realm of resolving the attentional
selection component of visual search. At a 30,000 foot view, this is because visual search arrays are
comprised of multiple alternatives that can be represented in retinotopic visual space with the sensible
spatial and featural representations that exist in visual cortex (Kaas, 1997). With respect to speci c areas in
visual cortex, one area is especially pertinent to the overall aims of the dissertation and have also been the
primary focus of visual search research: area V4.

V4 is classi ed as a mid-level area in the ventral visual pathway (Felleman and Van Essen, 1991).
Originally termed the V4 complex and thought to contain multiple representations of the visual eld (Zeki,
1969), it was later determined that V4 proper is only a subset of the originally described area with a single
visual eld representation. V4 itself appears to be modular in organization featuring side-by-side
topographical representations for color and form among other visual features (Yoshioka et al., 1992; Deyoe
and Vanessen, 1988; Deyoe et al., 1994; Felleman et al., 1997; Xiao et al., 1999; Tootell et al., 2004).

In the time since these anatomical descriptions, V4 has been investigated with respect to visual search.
One pair of studies investigated the selection of features and behaviorally relevant stimuli in V4 during
visual search. Monkeys identi ed a target stimulus composed of two features (shape and color) in
conjunction. The target stimulus was de ned by one of the features cued prior to trial onset. For example, if
the objective of the trial was to identify the white stimulus among black stimuli, the monkey would identify
the white circle or square among black circles and squares. This work demonstrated that the individual V4
neurons had feature selectivity and primarily re ected that selectivity rather than the behavioral relevance of
that stimulus in their receptive eld during task performance (Ogawa and Komatsu, 2004). However, at the
population level, behavioral relevance of stimuli could be inferred. While V4 does primarily represent
feature selectivity initially, closer in time to when the response is made to the target stimulus, the activity of
those same V4 neurons more closely represents the behavioral relevance of the stimulus in their receptive
eld (Ogawa and Komatsu, 2006). Together these ndings suggest that V4 initially represents features at the
individual neuron level and behavioral relevance at the population level. Ultimately, in taken with
consideration to other works on visual search in V4 (Bichot et al., 2005; Zhou and Desimone, 2011), we
have an exemplar area that seemingly maps the visual and behavioral information pertinent to the resolution

of visual search.

1.5 The Emergence of Laminar Physiology in Attention Research
While an enormous literature on the neural mechanisms of attention has been produced in the last several
decades, like the investigations described in the previous section, it has in some ways been limited by

technology. With respect to neurophysiological recordings, one limiting factor has been the design and



complexity of electrodes used to measure the neural activity. Relatively recent advances in recording
electrode technologies have opened up a new avenue for attention research: laminar physiology of attention
through linear multielectrode arrays (LMAs). LMAs are a line of equally spaced recording contacts that can
each independently measure neural activity. This linear design is useful in measuring cortical columns, in
particular. These cortical columns, a mesoscopic unit of cortical structure and where the bulk of attention
research has been conducted, is a layered structure. That is, if you view the anatomy of a slice of cortex
under a microscope, you will immediately notice distinct bands with varying types and densities of neurons.

With some exceptions (e.g., agranualar cortex (Shepherd, 2009)), granular laminar structure is largely
preserved across a wide range of functionally distinct brain areas. This has led to an in uential model of
cortical function: the canonical cortical microcircuit (CCM) (Douglas et al., 1989; Douglas and Matrtin,
1991). The CCM puts forward the layered structure of cortex as a fundamental unit of cortical computation
with a prescribed pattern of activation. Crucially, these patterns of activation arise from putative patterns of
connectivity between cortical layers as well as external connections. In having this guiding framework, one
can begin to speculate on the origins of and direction of ow throughout the brain for certain neural
computations given observed patterns of neural activation. Among researchers of other neuroscience
disciplines, this has provided attention researchers a hypothesis-generating mechanism for research at the
mesoscopic circuit level with well-de ned predictions for top-down vs. bottom-up contributions to attention
given the expected laminar patterns of the CCM.

With this in mind, does attention in uence processing precisely within cortical columns and how is
attentional selection computed across cortical layers? Some evidence already exists for cortical layers
playing an important role in attention with differential effects of attention across layers in visual cortex
(Nandy et al., 2017; van Kerkoerle et al., 2017; Ferro et al., 2021; Cox et al., 2019a; Mehta et al., 2000b).
However, given the recent rise of laminar recordings, we do not know exactly the role of this structure in
attentional selection during visual search. Laminar insights could be particularly interesting for pop-out
search. As mentioned earlier, the mechanism giving rise to the attentional selection of pop-out stimuli could
stem from a bottom-up or top-down mechanism given its relative simplicity with respect to types of visual
search, and its cognitive demands (Chun et al., 2011). The putative connectivity patterns of the CCM afford
a window into these top-down vs. bottom-up contributions for attentional selection of pop-out stimuli.

While the laminar scope of investigation for attention research promises crucial insight into how
attentional selection comes about in neural circuits, it seemingly has a curious side-effect making it an
exciting prospect for translational neuroscience: Cortical columns can generate EEG, one of the most

commonly used measures in human neuroscience.



1.6 The Consequences of Laminar Patterns of Activation - EEG Generation

Of course, neuroscienti ¢ research has not been limited to intracranial investigations. Beyond just attention
research, human neuroscience has ourished through the use of noninvasive methods. One ubiquitous
method is electroencephalography (EEG), a noninvasive electrophysiological measure which bene ts from

its high temporal resolution but suffers from its comparatively poor spatial resolution. That is, while invasive
neurophysiological measures such as single-unit extracellular recordings are very nely spatially localized

(to the level of individual neurons), noninvasive EEG is considered a 'global’ signal. Because EEG is
measured some distance from its intracranial generators, and the signal must propagate through several
intermediaries (such as the skull), the signal is effectively Itered and integrated such that it re ects the

activity of multiple brain areas. Even so, numerous indices of sensory, perceptual, cognitive, and motor
processes have been identi ed in the global EEG signal. And while the spatial localization of EEG signals
leaves something to be desired, understanding something about where speci ¢ signals are generated is by no
means futile. while most EEG indices are observed across multiple recording positions across the scalp, the
relative magnitude of these indices can vary sensibly. As a result, hypotheses have been formulated as to
which brain areas generate which EEG indices and what patterns of neural activity are necessary to yield a
signal that can be measured outside the skull. This has been an especially trendy topic as knowing where an
EEG signal is generated exactly has the potential to better inform which neural processes these signals index
and moreover bridge noninvasive and invasive programs of research.

One popular method for investigating the putative neural generators for EEG signal has become inverse
source modeling (Grech et al., 2008; Michel et al., 2004). This procedure utilizes the spatial distribution of
EEG voltage over the scalp to predict the intracranial source of the signal. However, the method has a major
shortcoming. The inverse method, from a mathematical perspective, is inde nite. That is, there are multiple
con gurations of neural activity that can give rise to the same distribution of EEG which this method cannot
distinguish between to determine the empirical generator. Unfortunately, this means that de nite
determination of the neural generators of speci c EEG components has eluded the eld. To obtain a de nite
answer and reveal these neural sources requires directly recording the generator, something that cannot be
accomplished through noninvasive methods alone. Nonetheless, this has not prevented theorists and
biophysicists to speculate as to what patterns of neural activity would give to EEG signals.

The cortical column seems to be a fundamental unit for the generation of EEG signals (Nunez et al.,
2006). The structure and orientation of the neurons within cortical columns is such that they can feasibly
generate electric elds that would be measurable outside the brain. Crucially, cortical columns are

heterogeneous structures with distinct layers and densities of cell bodies and dendritic arbors along said



layers. In fact, studies in the rat have already demonstrated that the biophysical geometry and activation of
cortical columns can produce EEG potentials (Riera et al., 2012). However, these studies have been
primarily conducted through computational modeling with the empirical measurement of cortical columns
generating EEG signals being relatively limited. Moreover, to date there have been no direct demonstrations
of laminar activity within cortical columns of primates leading to the generation of EEG signals. However,
there have been other ways researchers have thus far begun to better understand EEG signals and their

biological substrates even if direct measurement has thus far eluded us.

1.7 The Relationship Between Intra- and Extracranial Signals in Primate Electrophysiology

Parallels have been drawn between patterns of neural activity and the EEG, often in comparing EEG and
single-unit spiking (Snyder and Smith, 2015; Sandhaeger et al., 2019; Sajad et al., 2019) or EEG and LFP
(Ng et al., 2013; Musall et al., 2014; Sandhaeger et al., 2019). These studies have demonstrated that
like-signals can be observed across measurement scales. While nding neurons that seemingly indicate the
same psychological process as an EEG signal is a step towards functional localization of EEG components,
there is a crucial gap between the two presenting a interpretive pitfall. As mentioned in the previous section,
it is thought the the patterns of activity across cortical columns generates EEG. And while cortical columns
are comprised of distinct layers of neurons and the activation of neurons is what generates EEG, it is not
their action potentials that yield it. That is to say, while many parallels have been drawn between EEG
activity and single-unit neuronal spiking, this spiking is one step removed from the putative generator
activity. Instead of spiking, it is predominantly the synaptic activations of neurons across the cortical column
that produces local current uctuations and the ultimate production of electric elds comprising EEG

(Nunez et al., 2006). What this means is that while these previous studies have no doubt provided crucial
insight into functional localization of processes indexed by EEG components, they are perhaps not directly
measuring the exact activity giving rise to the EEG. Therefore, there is a gap in primate physiology beyond
just relating patterns of laminar activity to EEG: We must also empirically measure the putative generating
activity within those columns. And while this would ideally be performed for each and every EEG index of
sensation, perception, cognition, and action, we can start by investigating the one pertinent to this

dissertation, attentional selection and the EEG's 'N2pc' index of it.

1.8 Understanding Attentional Selection with the N2pc
While signi cant progress in attention research has been achieved through intracranial neurophysiology, it is
by no means the only method being used. For instance, a substantial fraction of neuroscienti c research into

attention is done with human participants through use of noninvasive methods. One method proven as



effective as it is popular is through EEG. In human research, EEG is commonly performed by placing
electrodes on the scalp and recording electrical potentials from the brain propagating through the skull.
Originally developed in animals (Caton, 1875), EEG was popularized in the early twentieth century as a way
to reliably measure brain activity in human participants (Berger, 1929). In combination with its more

invasive sister-method, electocorticography (ECoG), the eld of human electrophysiology research has
blossomed in recent decades. Crucially, many insights have been gained in attention research through these
methods.

While several EEG indices of attention have been identi ed, one in particular seems especially relevant
to attentional selection. The N2pc is a event-related potential (ERP) of the EEG signal which indicates
where spatial selective attention is deployed (Luck and Hillyard, 1994; Eimer, 1996). Physically, the N2pc
manifests as a difference in polarization of the N2 component of the event-related potential of the EEG
when visual selective attention is covertly directed contra- or ipsilateral relative to the position of the
recording electrode. It is also important to note that the N2pc is primarily observed over the posterior half of
the brain. For example, you would observe an N2pc over the back of your head as the difference between
hemispheres if you were to maintain gaze at the center of this page and covertly read the word in the top-left
corner. The N2pc was originally described in the early 1990's, and hundreds of studies have since been
performed using the N2pc as a primary indicator of attention. The N2pc has even shown to be modulated in
clinical cases of attentional disruptions such as in schizophrenia (Luck et al., 2006; Verleger et al., 2013;
Fuggetta et al., 2015) and attention de cit/hyperactivity disorder (Wang et al., 2016, 2017; Shushakova
et al., 2018; Rodriguez-Martinez et al., 2021). And while these works have yielded signi cant ndings into
how attentional processing is instantiated, there is a substantial gap in knowledge associated with the N2pc:
What neural activity gives rise to this signal?

In evaluating the parallels between neural activity and the N2pc speci cally, a couple of crucial
observations have been made. First, the N2pc seemingly mimics neural activity present in the frontal cortex.
That is, the frontal eye elds (FEF) and the N2pc indicate the same patterns of attentional selection (Cohen
et al., 2009; Purcell et al., 2013). FEF is a prefrontal cortical area found bilaterally along the bank of the
arcuate sulcus. De ned as a portion of Brodmann area 8 (Brodmann, 1909) and rst described iff the 19
century by David Ferrier, it was characterized by its ability to evoke saccadic eye movements when the area
was electrically stimulated (Ferrier and Burdon-Sanderson, 1875). In the years since, FEF has served as a
target for visual attention research (Schall, 2015). As attentional selection unfolds in visual search, spiking
activity in FEF indicates rst, followed in time by LFP in FEF, and lastly the N2pc. This temporal sequence
seemingly indicates a putative role for frontal cortex in computationally generating the selection signal that

ultimately leads to the N2pc. However, the biophysical geometry of FEF makes it an unlikely neural source



for the N2pc. Second, a magnetoencephalographic (MEG) investigation into the N2pc found putative
biophysical generators in posterior cortex. Speci cally, dipole sources in posterior parietal and extrastriate
visual cortex (Hopf et al., 2000). Given these ndings, we can begin to formulate more concrete hypotheses
about which brain areas performing attentional selection might be at the heart of N2pc generation. In
combination, an area like V4, which is functionally connected to FEF, is attentionally modulated, and exists

in the posterior part of the brain, could serve as a plausible source.

1.9 Linking Attentional Selection, Cortical Columns, and the N2pc

Thus far we have introduced three key topics in neuroscience research: attention, laminar cortical circuitry,
and EEG. We focused on highlighting their overlap. For instance, cortical columns in certain brain areas are
implicated in attentional modulation. Cortical columns putatively generate EEG signals. Indices of
attentional selection manifest in the EEG. And while there are these clear connections between the topics, a
comprehensive description of the intersection of the three has not been demonstrated empirically. By linking
the psychological process of attentional selection to its neural substrates within cortical columns and
exploring the patterns of activation given rise, we can perhaps understand what the N2pc is. Ultimately,
better understanding the neural generation of the N2pc provides interpretive value. With an understanding of
how the N2pc is generated, researchers can more readily speculate as to the underlying neural processes
when measuring the EEG signal alone. Therefore, linking cognitive processing in cortical circuits to the
biophysical generation of EEG has the potential to provide key insight for the eld of human neuroscience

and yield a greater understanding of the function of cortical circuits in attentional selection along the way.

1.10 What to Expect

In the following ve chapters we elaborate four studies designed to further our understanding of attentional
selection across spatial scales. Speci cally, this dissertation seeks to accomplish two primary aims. For one,
we sought to characterize the changes present in visual cortical columns (speci cally area V4) associated
with attentional selection of pop-out stimuli. And two, we sought to determine whether the hypothesized
changes in the same visual cortical columns lead to the generation of the EEG signal known as N2pc.
Together, resolving these aims signi cantly advances our understanding of the circuits producing attentional
selection and reveal what can be understood from attention-associated EEG from a neurobiological level. In
chapter two, you will read on our initial search for whether attentional modulations of sensory processing
are present along the layers of visual cortex during visual search. If V4 is generating the N2pc index of
attention, we expect to observe attention-induced changes in cortical columnar processing. We found

layer-speci ¢ changes in sensory processing associated with the attentional selection of targets in visual



search. In chapter three, we describe the temporal evolution of attentional selection along the layers of
visual cortex during visual search. If V4 is generating the N2pc, selection signals should be present at or
before the time we would expect the N2pc. We found the timing of attentional selection in visual cortex
preceded the usual timing of the N2pc. In chapter four, we sought to describe the parallels and putative
relationship between activity generated across visual cortical columns and the overlying N2pc. If V4 is
generating the N2pc, we expect simultaneous signaling of attentional selection in the cortical columnar
activity and the EEG which should covary on a trial-by-trial basis. We found layer-speci ¢ relationships
between attentional selection in visual cortex and the N2pc. In chapter ve, we go beyond simple
comparisons of intra- and extracranial signals and demonstrate that V4 can biophysically generate the N2pc.
If V4 is generating the N2pc, we should see patterns of simulated EEG resembling the N2pc from forward
modeled activity of visual cortical columns. We demonstrate that the synaptic currents across cortical layers
in visual cortex are capable of regenerating the canonical N2pc distribution. In the nal chapter, we will
integrate the ndings of these studies and discuss what their implications are towards our ultimate goal of

understanding attentional selection across multiple scales.
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CHAPTER 2

Impact of Attention on Sensory Columnar Processing

Westerberg, J. A., Sigworth, E. A., Schall, J. D., and Maier, A. (2021) Pop-out search instigates beta-gated
feature selectivity enhancement across V4 layreceedings of the National Academy of Sciences

118(50):62103702118.

“Whatever she might become she would never be static”

- Sinclair Lewis

2.1 Summary

Visual search is a work-horse for investigating how attention interacts with processing of sensory
information. Attentional selection has been linked to altered cortical sensory responses and feature
preferences (i.e., tuning). However, attentional modulation of feature selectivity during visual search is
largely unexplored. Here we map the spatiotemporal pro le of feature selectivity during a singleton search
task. Monkeys performed search where a single pop-out feature determined the target of attention. We
recorded laminar neural responses from mid-level visual area V4. We rst identi ed “feature columns”

which showed preference for individual colors. In the unattended condition with no target in the receptive
eld, V4 feature columns were signi cantly more selective in the super cial relative to the middle and deep
layers. Attending a stimulus increased feature selectivity in all layers but not equally. Feature selectivity
increased most in the deep layers, leading to higher selectivity in the extragranular layers as compared to the
middle layer. This attention-induced enhancement was rhythmically gated in phase with the beta-band local
eld potential. Beta power dominated both extragranular laminar compartments, but current source density
analysis pointed to an origin in super cial layers, speci cally. While beta-band power was present
regardless of attentional state, feature selectivity was only gated by beta in the attended condition with the
target in the receptive eld. Neither the beta oscillation nor its gating of feature selectivity varied with
microsaccade production. Importantly, beta modulation of neural activity predicted response times,
suggesting a direct link between attentional gating and behavioral output. Together, these ndings suggest
beta-range synaptic activation in V4's super cial layers rhythmically gates attentional enhancement of

feature tuning in a way that affects the speed of attentional selection.

11



2.2 Introduction

Throughout cortex, sensory information is organized into maps. This phenomenon is readily observable in
visual cortex where maps organize information in both the radial (e.qg., within cortical columns) and
tangential (e.g., across a cortical area) dimensions (Hubel et al., 1977; Hubel and Wiesel, 1968; Kaas, 1991;
Hubel and Wiesel, 1962). Importantly, sensory information attributed to these maps is malleable. For
example, selective attention is linked to profound changes in neural activity organizing sensory information
in both space and time (Cohen and Maunsell, 2011; Cohen et al., 2009; Desimone and Duncan, 1995; Ferro
etal., 2021; Fries et al., 2001, 2008; Kastner and Ungerleider, 2000;eza+Trujillo and Treue, 2002;

McAdams and Maunsell, 1999, 2000; Ni and Maunsell, 2017, 2019; Pooresmaeili et al., 2010; Poort et al.,
2012; Recanzone and Wurtz, 2000; Reynolds et al., 1999, 2000; Reynolds and Desimone, 2003; Reynolds
and Chelazzi, 2004; Reynolds and Heeger, 2009; Roelfsema et al., 2007, 1998; Rotermund et al., 2009; Sani
etal., 2017; Stnisor et al., 2013; Thiele et al., 2009; Treue and Mar Trujillo, 1999; Vinck et al., 2013;
Wegener et al., 2004; Williford and Maunsell, 2006).

In visual cortex, cortical columnar microcircuits comprise many neurons that respond to the same
location of visual space and similar stimulus features. For example, primary visual cortex (V1) features
“orientation columns” consisting of neurons sharing response preference for the same stimulus orientation
(Hubel and Wiesel, 1974; Vanduffel et al., 2002) and “ocular dominance columns” consisting of neurons
that preferentially respond to the same eye (LeVay et al., 1975). Similar columnar organization for feature
selectivity has been described across many other visual cortical areas including area V2 (Tootell and
Hamilton, 1989; Tootell and Nasr, 2017; Vanduffel et al., 2002), area V3 (Adams and Zeki, 2001), middle
temporal area (area MT) (Albrecht et al., 1984; DeAngelis and Newsome, 1999; Liu and Newsome, 2003),
and inferotemporal cortex (Fujita et al., 1992; Tanaka, 1996, 2003). Mid-level visual cortical area V4, a
well-studied area with respect to attentional modulation, follows suit with columnar organization of visual
responses and feature preferences (Conway and Tsao, 2009; Kobatake and Tanaka, 1994; Kotake et al.,
2009; Schein et al., 1982; Tootell et al., 2004; Yoshioka et al., 1996; Zeki, 1973, 1980). Yet, we do not know
the extent to which attention impacts feature preferences along columns. While canonical microcircuit
models of cortex predicts laminar differences for attentional modulation (e.g., feedback-recipient
extragranular layers modulating before granular layers (Douglas et al., 1989; Douglas and Martin, 1991;
Bastos et al., 2012)), how this modulation interacts with columnar feature selectivity is largely unknown.

We sought to determine the spatiotemporal pro le of feature preferences within the V4 laminar
microcircuit during attentional selection. To address this question, we performed neurophysiological

recordings along V4 layers in monkeys performing an attention-demanding pop-out search task. We
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identi ed feature columns demonstrating homogeneous feature preference along cortical depth. When the
search array item presented in the column’s receptive eld was unattended, the upper cortical layers were
most selective. However, when attended, feature selectivity in the deep layers enhanced the most, resulting
in overall strongest feature selectivity in both extragranular compartments. We further found that the
enhancement of feature selectivity associated with attention was rhythmically gated in the beta-range. While
beta activity was measurable across both unattended and attended conditions, rhythmic gating of feature
selectivity was only present with attention. Moreover, beta power modulating the neural response was
predictive of response time, suggesting a link between attentional gating and behavior. Synaptic currents
revealed the beta rhythm originates in super cial cortical layers, which is compatible with top-down

in uence.

2.3 Results

2.3.1 Behavioral Performance

Both monkeys performed a pop-out visual search task necessitating attentional selection of, followed by an
accurate eye movement to, an oddball stimulus to receive a juice reward (Figure 2.1A). Both monkeys
performed the task well above chance (accuracy: monkey Ca, 88%; He, 81%) with response times (RT)
consistent with previous reports of monkeys performing this task (Figure 2.1B-C; median RT: monkey Ca,
243 ms; He, 224 ms) (see previous reports for comparable behavioral data from a different cohort of

macaques (Purcell et al., 2012; Westerberg et al., 2020b)).

2.3.2 Laminar Recordings in V4
To evaluate the laminar pro le of feature selectivity in primate area V4, we recorded neural activity
throughout the layers of cortex in 2 macague monkeys using a linear electrode array with 100 m spacing
between recording contacts (Plexon S-Probe). Prior to any surgical procedures, monkeys underwent a
magnetic resonance (MR) scan to identify the location of V4 (Figure 2.1D). Following implantation of a
recording chamber, monkeys underwent a second MR scan with a gadolinium- lled recording grid to
identify chamber locations where an electrode could be introduced orthogonally into the prelunate gyrus
(Figure 2.1E). On each recording, we positioned and oriented the linear electrode array to span all V4 layers
(Figure 2.1G). At the end of the experiment, penetration locations were veri ed anatomically (Figure 2.1F).
Monkeys performed a xation task during which we ashed randomized, monochromatic stimuli
uniform in brightness to perform reverse-correlation-based receptive eld (RF) mapping (Cox et al., 2019b;
Dougherty et al., 2019; Westerberg et al., 2019). Overlapping RFs through vertically (radially) aligned

recording sites were used to con rm the perpendicular orientation of the probe (Figure 2.1H) (Cox et al.,
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Figure 2.1: Task design and laminar recording technique
A. Monkeys xated a dot. Following a variable delay, an array was presented. Monkeys were tasked to
saccade to the oddball to receive a reward. B. Response times across all sessions for both monkeys (left,
cyan: monkey Ca; right, magenta: He). C. Behavioral performance for both monkeys across all sessions
(cyan: monkey Ca; magenta: He). D. Occipital view of a 3D render of a macaque brain. Area V4 is
highlighted in red. The cortical structure is revealed by the section through the prelunate gyrus. This slice is
magni ed at the right, with labels indicating structural landmarks (lus, lunate sulcus; sts, superior temporal
sulcus; ips, intraparietal sulcus; gm, gray matter; wm, white matter). The red box indicates a portion of V4
where linear electrode arrays can be introduced orthogonally to record across the layers of a cortical column.
E. MR scans for monkey He (left) and monkey Ca (right). The section was taken orthogonal to the 19 mm
diameter recording chamber (red outline) oriented 55° off vertical axis, 23 mm from the midline. The
superior temporal sulcus can be seen running through the center of each chamber. A grid of possible
penetration locations is overlaid with solid red dots indicating locations sampled in this study on the
prelunate gyrus, ventroposterior to the superior temporal sulcus. F. Ex vivo image of the posterior half of the
brain of monkey He with expanded view of the area between lus and sts. Red marks are diiodine deposited
by the nal two recordings in monkey He. G. Histological stains, depicting the laminar structure of V4.
Labels are indicated at the far left. Neun stain (left center) highlights the distribution of neuronal cell bodies.
SMI-32 (right center) highlights pyramidal cells. Cartoon probe shows laminar positioning. H. Receptive
elds (RF) across recording sites of a single array penetration, indicating perpendicular penetration. I. CSD
for the same session as H. Current sinks are indicated in red and sources in blue. The initial sink following
visual stimulation was used as a functional marker to determine the L4/5 boundary. The black horizontal
line indicates granular input sink. Data are smoothed along depth and across time for visualization. J. Mean
CSD pro le following alignment of the 30 sessions (21, monkey Ca; 9, He). Formatting identical to I. K. RF
locations across sessions and monkeys (cyan, monkey Ca; magenta, He). RF centers determined online, and
diameters estimated from previous reports.

2019b; Nandy et al., 2017). The distribution of RFs across cortex was consistent with the previously
established representation of visual space on the prelunate gyrus (Figure 2.1K) (Gattass et al., 1988). To

compare columns across sessions, we aligned individual recording sites relative to the granular input sink of
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the current source density (CSD) following visual stimulation, which identi es the boundary between the
granular (L4) and infragranular layers (L5/6) of cortex (Figure 2.11) (Maier et al., 2010; Nandy et al., 2017,
Schroeder et al., 1998; Westerberg et al., 2019). 10 electrode contacts including and above the L4/5
boundary and 5 sites below were included for analysis. Relative to the population-based (grand average)
evoked CSD pro le (Fig. 1.1J), the topmost 5 sites corresponded to the supragranular sink, the middle 5 to

the granular sink, and the deepest 5 to the infragranular source.

2.3.3 V4 Feature Columns

As a rst step, we identi ed feature columns in V4. Columnar organization for color tuning has previously
been reported for V4 (Conway and Tsao, 2009; Kotake et al., 2009; Tootell et al., 2004; Zeki, 1973, 1980).
During performance of the visual search task, small, isoluminant red or green stimuli were presented within
the population RF of the column (Westerberg et al., 2020a). We estimated neural activity by evaluating high
gamma power (70-150 Hz) at each recording site as it reliably re ects feature selectivity in visual cortex
(Ray and Maunsell, 2010), and can be reliably measured at laminar V4 recording sites, unlike single- or
multi-unit activity. To eliminate volume conducted signals, we recalculated the locally-generated gamma
power from the columnar CSD (Kajikawa and Schroeder, 2011; Nicholson and Llinas, 1971). Initially, and
for the results reported in this section, these analyses were restricted to the "unattended' condition. This
condition was de ned as the presence of a distractor stimulus within the receptive eld of the cortical
column regardless of the position of the target in the array (5 out of 6 array con gurations where target is
outside of the RF) and the trial was performed correctly.

To quantify the selectivity of each recording site for stimulus color, we computed the ratio of the red vs.
green responses with values bounded between -1 (100% green preference) and 1 (100% red preference).
Hereafter we will refer to this as the feature selectivity index (FSI). We then calculated the mean FSI along
cortical depth to compute a columnar feature selectivity index (CFSI). The CFSI quanti es the degree of
feature preference across the entire column. Qualitatively, we found a high degree of consistency of
columnar feature selectivity, with some columns strongly preferring red or green and other columns not
distinguishing red from green Figure 2.2A. To quantify this observation, we performed Wilcoxon signed
rank tests on the magnitudes of FSI along depth, where columns were deemed feature sefect@®8.

We found signi cant feature selectivity in 19 of 30 columns (63.3%) across both monkeys (monkey Ca, 12
of 21; He, 7 of 9).

Note that the CFSI alone does not indicate how consistent feature selectivity is within a column. To

evaluate the columnar consistency of feature selectivity, we performed Bartlett's tests for the FSI variance of

each column relative to the null distributions derived from 15 random samples of all measured FSIs,
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Figure 2.2: Identifying feature columns in V4
A. Feature selectivity index (FSI) for each recording site (bottom). Each plotted column corresponds to one
cortical column. Data are sorted from the most green- to most red-preferring columns. Hue indicates the
preferred color of each recording site and saturation indicates the magnitude of the preference. Horizontal
lines indicate laminar boundaries. Average FSI along each column (CFSI) indicated in bar chart (top). Each
bar corresponds to the column underneath. Signi cant selectivity along depth indicated by an asterisk
between plots. Signi cant consistency of color preference, or lack of color preference, is denoted by a carrot
between the bar and color plots. Color of asterisks and carrots indicates monkey from which the column was
recorded (cyan, monkey Ca; magenta, He). B. Dot plot of FSI for each recording site (top). Black data are
10 of 1000 shuf e distributions generated where FSI were picked at random from all columns (shuf e
control). C. Scatter plot of the standard deviation along depth for each cortical column as well as for a
randomly chosen sample of 10 of the 1000 shuf e control null distributions. Color of bar indicates data
source (cyan, monkey Ca; magenta, He; black, shuf e). Vertical lines indicate the median standard
deviations for the data and for the shuf e. The p value of a statistically signi cant result of a signed rank test
is indicated at the bottom.

bootstrapped 1000 times. The median value was taken to determine signi cange<widt05. Feature
selectivity was more consistent across columns than would be predicted by the null distribution in 23 of 30
columns (76.7%) across both monkeys (monkey Ca, 17 of 21; He, 6 of 9). Only 4 of 30 columns exhibited
no or inconsistent selectivity across depth through these measures. We further quanti ed the degree of
similarity within a column relative to the variance across columns by computing intraclass correlation

coef cients (ICC) (Shrout and Fleiss, 1979; McGraw and Wong, 1996). ICC reveals how consistent
individual columns are in feature selectivity relative to the overall sample of V4 columns. Values towards 1
indicate a high degree of consistency within a column, and values towards O indicate little to no consistency.
Across the sample, we found consistency within columns to be signi cantly greater than chance

(r = 0:773 F(29,406 = 5219, p<< 0:001) in both monkeys (monkey Ca,

r = 0:848 F(20;280) = 84:96;, p<< 0:001; He,r = 0:550 F(8;112 = 19:27, p<< 0:001) (Figure 2.2B).

For comparison, we generated shuf e control distributions of FSI values and computed the ICC. This

control yielded the expected lack of consistenty=(0:003 F (999, 13986 = 1:08, p= 0:37). These results
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Figure 2.3: Consistency between gamma and MUA feature selectivity indices
Feature selectivity measured with multiunit samples does not differ from feature selectivity measured with
high gamma. A. Histogram of differences between feature selectivity of multiumits285) and the
corresponding column's high gamma feature selectivity (19). Multiunits were sampled in cortical
columns that exhibited feature selectivity in the unattended condition with a distractor in the receptive eld.
Columnar feature selectivity index for the high gamma was then subtracted from the feature selectivity
index found for the multiunits found in each column. Prior to subtraction, FSI was made relative to the
preferred color (as de ned by the CFSI of the high gamma) to examine both red and green columns together.
Values right of zero indicate greater selectivity in the multiunit activity and left indicate greater selectivity in
the high gamma (at the column level). Result of Wilcoxon signed rank shown in upper righthand corner. B.
Identical to panel A except instead of computing difference between a multiunit FSI and its corresponding
column high gamma FSI, the difference between the multiunit FSI is taken against the high gamma FSI at
the recording site where the multiunit was isolated. Again, no signi cant differences were observed as
indicated by the Wilcoxon signed rank test show in the upper right hand corner of the panel.

suggest that most V4 columns are homogeneous in their feature selectivity. Lastly, we assessed the
distribution of standard deviations of FSI across columns relative to that of the null distributions Figure
2.2C. We performed a Wilcoxon signed rank test on these distributions. The result showed a signi cant
difference = 4:02;p= 5:7% %), providing further evidence for the homogeneity of columnar feature
selectivity in V4.

We compared the feature selectivity of recorded multiumits ¢85) along cortical columns to the
columnar feature selectivity of each multiunit's corresponding column. We found no signi cant differences
between the multiunit feature selectivity and their corresponding columns (Wilcoxon signed rank,

Z= 1:21;p= 0:22) (Figure 2.3), bolstering con dence that the locally generated gamma is a useful measure
of columnar feature selectivity.

To further bolster our con dence in the columnar organization for feature selectivity, we turned to

Bayesian modeling. Using a Bayesian framework, we directly evaluated and compared the likelihood of
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Model Identier Model Statement Parameter Priors LOO-ELPD DIFF Bayes Factor

[SE]
COLUMN X FSkjx N(m+ mdi;cj;ax  N(0O;s)
DEPTH X d o+ di act s Half t(301) Heference
ATTENTION  di+ Cj+ &+ ki S7)
. 6
COLUMN X FSkjx N(m+ mdi;c; N(O;s) 1869[129] 7:20e
DEPTH di cj+d+cj+ s Half t(3,0;1) )
q;j;k;si?j;k)
0:0001
FSkjx  N(m+ mc;  N(O;s) 012
COLUMN cj+a;j;k;si?,-;k) s Half (3:01) 1858[13:0]
1:01€59
FSkjx N(m+ nmd  N(O;s) A6
DEPTH G+ 61052 ) s Half 1(30:1) 371:3[26:5]
0:0019
FSkjx N(m+ m N(0O;s) .
NULL i S 1) s Half 1(30:1) 3705[26:5]

Table 2.1: Bayesian multilevel models for spatial organization of feature selectivity in V4 and the in uence
of attention condition
COLUMN x DEPTH x ATTENTION models feature selectivity as a function of cortical column, depth of
recording site, and attention condition with a trio of interactidd®LUMN x DEPTHmodels selectivity as
a function of cortical column and depth of recording site with an interaction between th€@dJMN
andDEPTH only account for either cortical column or depth of recording site, respectively. NULL
represents a model which assumes there is no spatial organization for feature selectivity and attention.
Leave-One-Out cross-validation Expected Log Predicted Density (LOO-ELPD) is a measure of the
predictive ability of the model, with larger values indicating higher predictive accuracy. LOO-ELPD
difference values and the associated standard error are shown with respect to the best performing model.
Bayes Factor describes support for one model over the another model, with larger values (¢ 1) indicating
greater support for the model above and smaller values (j1) indicating support for the modelchésaive
random effect due to columd, is the depth of the recording sit&, is a binary coded attention conditiom,
is the mean responsa;;. is random error, ané Sk is the feature selectivity index for cortical coluin
at depthi and attention conditiok; sﬁj;k is the variance in feature selectivity index and is assumed xed.
denotes a signi cant difference.
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several models of the organization of feature representation. Each column contributed 15x2 data points — 1
per recording site for each attention condition (which will be elaborated on in a later section). Model
comparisons were based on samples of the posterior distribution from each model. The results are
summarized in Table 2.1. Brie y, we nd that the models utilizing columnar information are more accurate

in predicting the observed feature selectivity. We quanti ed relative model performance using the so-called
leave-one-out cross-validation expected log predictive density difference (LOO-ELPD DIFF). This measure
was computed between increasingly more complex models (i.e., the intercept only model to the model
incorporating all independent variables). The models without a column parameter (e.g., NULL and DEPTH)
had the lowest values and therefore performed worse than models including a column parameter. It should
be noted that depth alone does not improve accuracy as seen in the LOO-ELPD DIFF between NULL and
DEPTH, indicating a lack of trends in feature selectivity within individual layers across columns. In other
words, there was no observed tendency for any given layer to have a bias. These model comparisons con rm

the results found through our other frequentist methods.

2.3.4 Laminar Variation in Strength of Feature Selectivity and its Modulation with Attention

We next investigated whether changes in feature selectivity were observable with directed attention. To do
so, we plotted the FSI for each recording site for both the unattended and attended conditions (Figure 2.4A).
The unattended condition inclusion criteria remained the same and the attended condition was restricted to
trials where the search target stimulus was present in the column's RF and the trial was performed correctly.
We noticed several qualitative changes between the unattended and attended conditions (Figure 2.4A). Many
columns showed enhanced feature selectivity with attentien14, 47%). We performed Wilcoxon signed

rank tests on the difference between the FSI between conditions across recording sites within each column
(p< 0:05). This analysis con rmed that attending the stimulus in the RF mostly leads to enhancement of
feature selectivity (Figure 2.4B). This enhancement was so pronounced that some non-selective columns
became signi cantly selectiven= 6; 20%) when attention was deployed. However, some columns did not
appear to change in selectivity € 13, 43%). Fewer showed suppressed selectivity @, 6%) or loss of
selectivity = 1, 3%). Given their small sample size, we disregard these outliers from further consideration
and focus on the population of columns that were enhanced with attention.

Next, we sought to investigate laminar differences for feature selectivity and whether the enhancement
associated with attention follows a distinct laminar pro le. We combined recording sites within their
respective laminar compartments and measured feature selectivity. Speci cally, we subtracted the nCFSI
from the nFSI at each recording site to compute the deviation of individual V4 laminar compartments from

the columnar mean (Figure 2.4C). We performed pairwise Wilcoxon signed rank tests of the magnitude of
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Figure 2.4: Color columns and their modulation of selectivity with attention
A. Comparing selectivity differences between unattended (top) and attended (bottom) conditions for each
column. Each vertical color plot represents a column with the intensity of red or green denoting the strength
in feature selectivity for that color. Columns are grouped by the change associated with attention:
enhancement, no change, suppression, and elimination of feature selectivity from left to right. Columns
highlighted with the gray bars were columns originally measured to have no signi cant feature selectivity.
B. Box and whisker plot for the change in FSI for each recording site in each column corresponding to A
directly above. C. Laminar pro les of strength of feature selectivity. Strength of feature selectivity is taken
as the difference in feature selectivity relative to the column mean with higher values indicating stronger
feature selectivity relative to the column and negative values indicating weaker feature selectivity than the
column average. Recording sites were divvied into their corresponding laminar compartment. Normalized
feature selectivity for each of laminar compartment shown as a violin plot for the unattended condition (left,
n= 19), attended (righth = 24), and the enhancement from unattended to attended (middi&4).
Normalization was performed such that values ranged for each recording site from -1 to 1 for non-preferred
to preferred feature such that red- and green-preferring columns could be analyzed together. Solid vertical
line and dashed vertical line in each distribution denote the mean and median, respectively. Red cloud
behind distributions shows 95% con dence interval cloud for strength or change in strength along depth
(rather than the agglomerated compartments). Brackets to the right of each plot denote signi cant
differences between the distributions measured by Wilcoxon signed ranipte€2:05).

FSls between the laminar compartments. We found differences between layers (upper and middle:
Z = 4:55p= 5:2e 5 upperand lowerZ = 5:19;p= 2:1e ’; middle and lowerZ = 0:94; p= 0:34), with
upper layers exhibiting stronger feature selectivity than middle and lower layers. We used the same method

to investigate the laminar pro le in the attention condition (Figure 2.4C). In the attended condition, both
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Figure 2.5: Testing different estimates of granular layer size
Testing different middle layer channel counts to account for uncertainty about thickness of layer 4. A.
Cartoon depicting number and positions of channels included in this analysis determining whether size of
middle layer compartment affects results with respect to attentional modulation of feature selectivity. The
number of channels used decreased from 5 (the con guration used throughout main text) to 1 by eliminating
successive more super cial channels as indicated by the highlighted channels. This was done relative to the
L4/5 boundary where we have a well-de ned physiological indicator consistent with anatomy. B. Strength
of feature selectivity (SFS) is taken as the difference in feature selectivity relative to the column mean with
higher values indicating stronger feature selectivity relative to the column and negative values indicating
weaker feature selectivity than the column average. Feature selectivities for each middle layer compartment
size are shown as a violin plot for the unattended condition left,19), attended (righth = 24), and the
enhancement from unattended to attended (mididie 14). Solid vertical line and dashed vertical line in
each distribution denote the mean and median, respectively. Brackets to the right of each plot denote the
result of an ANOVA. No signi cant differences were observed using differing numbers of channels for the
middle layer.

extragranular compartments were signi cantly more feature selective than the middle layers (upper and
middle: Z = 2:67; p= 0:007; upper and loweiZ = 0:96; p = 0:34; middle and lower:

Z= 370 p= 2:1e 4. Accordingly, we observed the largest attentional modulation of feature selectivity
in the lower layers with the smallest in the middle and upper layers (upper and middle:0:93; p= 0:35;
upper and lowerZ = 3:80;p= 1:4e 4 middle and lowerZ = 2:92;, p= 0:0035). Nonetheless,
attentional enhancement of feature selectivity was signi cant in all laminar compartments as measured
through Wilcoxon signed rank tests on the differences between conditions for columns with feature
selectivity (upperZ = 2:24; p= 0:02; middle:Z = 2:15:p= 0:03; lower:Z = 4:06,p= 4:9e °).

As we do not have a reliable physiological indicator of the boundary between the middle and upper
layers (like we do for middle and lower layers), one possibility might be that the 0.4-0.5 mm used for middle
layer speci cation is not representative of the granular layer, speci cally. V4's granular layer has been
estimated to be less extensive (Hof and Morrison, 1995) and effects limited to the granular layer might be

masked, accordingly. To control for this possibility we measured the feature selectivity, and the impacts of
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