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Psychology

Topographical organization is a foundation principle of human sensory cortices where the

sensory neurons encode information from the physical world into orderly representational

maps along sensory-specific dimensions. The visual system encodes spatial positions of the

visual field, and the auditory system encodes the frequency of sounds. The representational

maps are known as retinotopy and tonotopy, respectively. The population receptive field

(pRF) model is a computational framework used to characterize the functional organization

of sensory cortices. It is a popular method and has various applications in human neu-

roimaging research. In this dissertation, I demonstrate how the pRF model can be used

to investigate various research interests. First, I use the pRF model as an encoding and

decoding model of frequency in primary auditory cortex. Second, I examine neural plasticity

in auditory cortex due to long-term visual deprivation by comparing pRF estimates of early

blind individuals with normally sighted individuals. Third, I develop a novel stimulus proto-

col that increases reliability and minimize biases in pRF estimates of human visual cortex.

Together, these studies demonstrate the applications of the pRF model as a powerful tool

capable of understanding a wide range of phenomena in human sensory cortices.
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Chapter 1

INTRODUCTION

1.1 Vision and Retinotopic Organization

The visual world is complex and difficult to navigate, so an important signal that the human

visual system needs to preserve is the spatial arrangement of the visual world. Spatial

arrangement refers to the relationship between one portion in visual space relative to another

position. The visual system preserves the scene’s spatial layout, like a map that links the

visual world with an internal biological representation. The visual system’s organizational

principle that maintains the spatial arrangement of the visual world is called retinotopic

organization.

As the name implies, retinotopic organization starts in the retina. For humans, vision

originates when an external source of light (i.e., the sun) emits light that is then reflected

when it meets a surface or object in the physical world. The reflected light will be detected

by photoreceptors in the human eye. Photoreceptors are specialized neurons located at the

back of the human eye in the retina that activate in response to light. Photoreceptors tile

the retina and encode spatial information based on where in the retina the photoreceptor is

located. This signal propagates throughout the entire visual system where it eventually goes

to visual cortex.

The interest in retinotopic mapping dates to case studies over a century ago that inves-

tigated visual field loss due to gunshot wounds that damaged visual cortex (Holmes, 1918;

Lister & Holmes, 1916). The studies correlated the location of visual field loss with the dam-

aged cortex location of multiple patients to draw the conclusion that there was a systematic

mapping of the visual field to cortical location. Astoundingly, these studies were able to

localize visual representations to the calcarine sulcus, where we now know primary visual
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cortex (V1) resides.

Electrophysiological measurements in animals also advanced the understanding of retino-

topic mapping. These studies presented stimuli that covered parts of the visual field and

measured single- or multi-unit responses from early visual cortex. Retinotopic organization

was examined by correlating each neuron’s location in cortical space with the portion of

visual space that evoked activity. The spatial extent in visual space that a neuron was re-

sponsive to is called the neuron’s receptive field (RF). RFs are the units used to establish

the link between the physical world and neural computations. By identifying a collection of

neuronal RFs, it was possible to create retinotopic maps of preferred location in visual space

(Figure 1.1).

Figure 1.1: Receptive fields of V1, V2, and V3 neurons in Macaque. Image shows the relationship

between recording site and RF representation of visual space. From Van Essen et al. (1984).

Next, was to consider the neuronal population response. It was possible that neuronal

RFs properties would not translate to population level properties since it was unclear how

signals from multiple cells would combine. Victor et al. (1994) demonstrated that population
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responses were evoked by different spatial locations and orientations. Not only was the pop-

ulation responsive, but they were also tuned to these stimulus properties. Thus, establishing

that neuronal populations also had receptive fields, or a population receptive field (pRF;

Victor et al., 1994). This implied that RF properties carried over into the pRF properties.

Animal work provided the foundation for understanding retinotopic organization in hu-

mans once human-viable neural recording methods began to emerge. At the time, evidence of

human retinotopic organization research was limited to electrocorticography (ECoG; Brind-

ley & Lewin, 1968; Dobelle et al., 1979) and positron emission tomography (PET; Fox et al.,

1987). ECoG measurements are collected from cerebrally implanted electrodes in surgery

patients, which severely limited the sample population. Whereas PET studies were more

accessible and could anatomically localize human visual cortex along with functional activa-

tion to visual stimuli. However, PET had poor signal-to-noise and poor spatial resolution.

Fox et al. (1987) had to average the brains of six subjects and were only able to demonstrate

broad activation in early visual cortex.

1.2 Functional Magnetic Resonance Imaging

By the early 1990s, magnetic resonance imaging (MRI) was gaining traction as a viable neu-

roimaging technology for human research. MRI is a noninvasive neuroimaging method that

relies on differences in magnetic properties of tissue matter to generate images. Anatom-

ical images of human tissue, like the brain, are collected as a series of 2D images, which

when collated, reconstruct a 3-dimensional volume. Each voxel, or volumetric pixel, of the

3D volume could be reconstructed at higher resolution (∼ 1-5 mm3) as compared to PET

(∼ 10-15 mm3). Nearly a century later, Horton and Hoyt (1991) used anatomical MRIs

to compare visual field deficits in patients with visual cortex lesions to refine the original

visual fields maps drawn by Lister and Holmes (1916). For anatomical images, MRI recon-

struction algorithms emphasize the difference in magnetic properties of hydrogen because its

produces images with high contrast between grey matter (neuronal cell bodies) and white

matter (myelinated axons).
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Ogawa et al. examined the relationship between blood oxygen levels and neuronal activ-

ity using MRI (Ogawa & Lee, 1990; Ogawa, Lee, Kay, et al., 1990; Ogawa, Lee, Nayak, et

al., 1990). Their work showed that neuronal activity was followed by an increase in blood

flow due to the additionally energy demand required for active neuronal activity. Blood can

be considered to exist in two states, oxygenated or deoxygenated, based on its hemoglobin

protein. In its oxygenated state, oxyhemoglobin contains oxygen molecules that provide

cellular energy. As activity increases, neurons use oxygen from the oxyhemoglobin. This

transforms the protein into its deoxygenated state, deoxyhemoglobin. Ogawa et al. demon-

strated that by contrasting the relative difference in magnetic properties of oxyhemoglobin

and deoxyhemoglobin, an MRI could acquire a signal that represented the changes in blood

flow over time. The signal is called the blood-oxygen-level-dependent (BOLD) response and

is an implicit measure of neuronal activity. The BOLD response is the foundation of modern

functional magnetic resonance imaging (fMRI).

When an impulse, or brief stimulus, is presented, the resulting BOLD response takes a

canonical form of a delayed increase from baseline cerebral blood levels, followed by a gradual

decrease below baseline levels. The HRF has been described with the difference of two gamma

functions (Friston et al., 1998) and systems of differential equations (Friston et al., 2000).

But simply, the HRF approximates the form of a gamma distribution function (Boynton

et al., 1996). Previous work demonstrated that the HRF behaves in a near-linear manner

in response to stimulus input in human visual cortex (Boynton et al., 1996). This meant

that stimuli at different strengths would produce similarly scaled HRFs. Different stimuli

would each elicit an HRF that would add together to produce the BOLD response. Figure

1.2 shows the scaling and additivity properties of the HRF. By validating the properties of

the HRF, statistical analyses that heavily depend on system linearity could be used moving

forward to examine fMRI data.

MRI technology became a power tool for research on the human brain.
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A

B

Figure 1.2: Linear properties of the HRF. (A)

Scaling. (B) Additivity. Adapted from Boynton

et al. (2012).

Anatomical MRI had good spatial resolution

(∼ 1-5 mm3) so identifying distinct cortical

morphology became possible and fMRI was

able to measure functional responses over

time (∼ 0.5 Hz). When combined, fMRI

signals could be sourced to anatomical loca-

tions in an individual’s brain with high spa-

tial specificity.

1.3 Phase-encoded Mapping

Using fMRI, research could investigate the

retinotopic organization in human visual

cortex. This led to the development of

phase-encoded retinotopic stimuli to per-

form retinotopic mapping (DeYoe et al.,

1994; Engel et al., 1994). Based on animal

work, if specific portions of visual space con-

tain stimuli, then corresponding regions of

visual cortex would activate in response to

the stimulation. Additionally, the fMRI sig-

nal would also match stimulus behavior be-

cause of the linear properties of the BOLD

response. Engel et al. (1994) used a checker-

board stimulus shaped like a ring in visual

space that expanded from the fovea to the periphery in a sinusoidal pattern. Given that

stimulus behavior was known to start at the fovea and move to the periphery, the best phase

offset of the BOLD response would correspond to central or peripheral parts of the visual

field. This revealed the retinotopic organization of visual space eccentricity in human visual
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cortex. Similarly, DeYoe et al. (1994) and Engel et al. (1997) used a checkerboard stimulus

shaped like a wedge that rotated about the center of the visual field and the phase-encoded

method to map the retinotopic organization of polar angle in human visual cortex. Using

phase-encoded retinotopic mapping, it became possible to identify and delineate early visual

cortex in V1, V2, and V3 based on polar angle representation (Figure 1.3; DeYoe et al.,

1994; Engel et al., 1997; Sereno et al., 1995).

A B

Figure 1.3: Retinotopic maps acquired from the phase-encoded method. (A) Polar angle map with

black lines indicating the visual area boundaries. (B) Eccentricity map with the black line indicating

region beyond the display. The star icon indicates the occipital pole, the dashed line indicated the

calcarine sulcus. Adapted from Engel et al. (1997).

However, the phase-encoded analysis is a coarse measure of retinotopic organization. A

more complete description of retinotopic organization would include identifying the most

effective visual field position for each cortical location (Wandell et al., 2007). The phase-

encoding method is only able to match the visual locations available within the presented

stimulus set. While it would be possible to increase the stimulus set, the increased fMRI

acquisition time would be too costly to justify multiple runs of minutely varying stim-

uli. This meant that the phase-encoded method was unable to precisely estimate the

extent, or size, of the voxel’s responsivity in visual space. Also, phase-encoding method

estimated a phase delay to match the stimulus position and the BOLD response. If the



7

phase delay was miscalculated, this would result in shifted retinotopic maps. Another

method would be required to fully characterize retinotopic maps in human visual cortex.

Figure 1.4: Flow chart of the pRF model estima-

tion procedure. The pRF model is estimated for

every voxel independently. From Dumoulin and

Wandell (2008).

1.4 Population Receptive Field (pRF)
Model

The population receptive field (pRF) model

is a computational framework that de-

fines the BOLD response as a combina-

tion of stimulus dynamics, pRF properties,

and hemodynamics (Dumoulin & Wandell,

2008). The pRF model belongs to a class

of encoding models that predict voxel-wise

fMRI activity as evoked by a parameterized

stimulus (Naselaris et al., 2011).

The pRF model assumes that each

voxel’s pRF has a preferred location in visual

space that is differentially selective within its

preferred location. The function that best

describe this selectivity, or tuning, is a 2-

dimension Gaussian. A 2D Gaussian is pa-

rameterized by its center and size

g (x, y) = exp

(
−

(
(x− x0)

2 + (y − y0)
2

2σ2

))
(1.1)

where x0 and y0 represent the center in

visual space and σ is the standard deviation.

The stimulus is also parameterized in visual
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space over time as s (x, y, t) where the stimulus can be either be present (1) or absent (0)

at each visual location. By taking advantage of the near-linear properties of the BOLD

response (Boynton et al., 1996), the pRF model defines the fMRI response, r (t), in visual

cortex to be the linear sum of the stimulus time course and a voxel’s pRF convolved with

the hemodynamic response function, h (t). This can be formally stated as

r (t) = s (x, y, t) g (x, y)⊛ h (t) (1.2)

The pRF model estimates the x0, y0, and σ parameters that minimizes the difference

between the model predicted fMRI time course (r (t), from Equation 1.2) and acquired

BOLD responses from individuals. The pRF model and estimation procedure is outlined

in Figure 1.4, which shows the original pRF model estimation pipeline from Dumoulin and

Wandell (2008).

The estimated pRF location parameters, x0 and y0, are transformed into polar coordi-

nates representing polar angle and eccentricity, where, with the pRF size parameter σ, are

interpreted to be the maps that collectively describe retinotopic organization of human visual

cortex (Figure 1.5). Dumoulin and Wandell (2008) demonstrated the pRF model produced

location estimates on par with the phase-encoded method and produced an additional pRF

size parameter. Furthermore, a corollary of Equation 1.2 was that the stimulus could now

take any form. This marks is a striking difference from phase-encoded mapping procedure

where stimuli were required to vary sinusoidally.

1.5 Audition and Tonotopic Organization

The notion that sensory systems are selective for aspects of their respective domain specific

spaces is not unique to vision. While the definition of RFs may have come from vision,

the definition can be generalized to be a specific region of sensory space that an appropriate

stimulus would drive a response from a sensory neuron. Audition is another sensory modality

where extensive research has been conducted on its functional organization.
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Figure 1.5: Retinotopic maps acquired from pRF model estimation. Data is from group averaged

results. Black or white lines indicate visual area boundaries. Adapted from Benson et al. (2018).

Audition occurs when sound in the physical world is detected by hair cells in the human

cochlea. Sounds are oscillations in the medium (i.e., air) that it travels through. The

oscillations travel through the human ear to arrive at the cochlea. The cochlea is a spiral-

shaped structure that is narrowest at its base and widest at its apex. Lined within the cochlea

is the basilar membrane, which deceases in stiffness from base to apex. These two properties

allow the inner ear to decompose incoming sound into its frequency components where higher

frequencies are encoded at the base and lower frequencies are encoded at the apex. Inner

ear hair cells are present throughout the basilar membrane and activated by the mechanical

deflections caused by incoming frequencies. It is because of the position-based frequency

filtering in the cochlea that the location of hair cell activity also transmits the frequency

information of the auditory stimulus. This frequency-place organization that propagates
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throughout the auditory system is known as cochleotopy, but is more often referred to as

tonotopy in neuroimaging (Saenz & Langers, 2014).

Investigations into tonotopic organization in the auditory system parallels the investi-

gations into retinotopic organization in the visual system. Electrophysiology recordings in

animals were the first to report on tonotopic organization in the cochlea (for review, Clop-

ton et al., 1974), subcortical structures like the inferior colliculus (Aitkin et al., 1970; Aitkin

et al., 1972; Aitkin & Webster, 1971; Rose et al., 1963), and primary auditory cortex (A1;

Goldstein et al., 1970) by recording neural activity to sounds of different frequencies. These

studies established the existence of tonotopic structure maintained throughout the auditory

system. When human neuroimaging methods became available, auditory related cortical

activation could be seen in magnetoencephalography (MEG; Langner et al., 1997; Romani

et al., 1982), PET (Lauter et al., 1985), and fMRI (Bilecen et al., 1998; Wessinger et al.,

1997). Early neuroimaging work localized human primary auditory cortex centered on Hes-

chl’s gyrus (HG) located within the lateral sulcus.

When the phase-encoded method showed promising retinotopic map results, the auditory

literature adapted the technique to perform tonotopic mapping in human auditory cortex.

Talavage et al. (2004) presented auditory stimuli that repeatedly swept from high-to-low or

low-to-high frequency as subjects were in an MRI scanner. They found tonotopic maps that

were centered on HG that validated the phase-encoded methods for the auditory system.

Subsequent, studies used the phase—encoded method to report extended tonotopic maps in

secondary auditory cortices (Striem-Amit et al., 2011) and frequency representation reversal

patterns that supported A1 area boundaries (Figure 1.6A; Da Costa et al., 2011) in human

auditory cortex.

Eventually, this would also lead to adapting the pRF model to estimate tonotopic orga-

nization in human auditory cortex. The major advantage of the pRF method is that it is

an explicit computational framework of stimulus input to fMRI response output (Wandell

& Winawer, 2015). This means that the components of the pRF method (Equation 1.2,

stimulus, pRF model function, HRF) can change form without having to change the esti-
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A B

Figure 1.6: Tonotopic maps from phase-encoded and pRF methods. (A) Phase-encoded tonotopic

maps for two example subjects, adapted from Da Costa et al. (2011). (B) pRF estimated (upper)

frequency and (lower) bandwidth tonotopy maps from an example subject, adapted from Thomas

et al. (2015).

mation procedure. To estimate auditory pRFs, Thomas et al. (2015) redefined the stimulus

and pRF model function to be parameterized in log frequency space. The stimulus was a

function of frequency over where 0s and 1s indicate the presence or absence of a tone burst

at the indicated frequency. The pRF model was redefined as a 1-dimension Gaussian in log10

frequency and could be formally expressed as

g (f) = exp

(
−

(
(f − f0)

2

2σ2

))
(1.3)

Where f0 is the center of the Gaussian and σ is the standard deviation. The last step

was to adjust Equation 1.2 to incorporate the redefined stimulus time course and pRF model

function, so that the predicted fMRI response was
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r (t) = s (f, t) g (f)⊛ h (t) (1.4)

When estimated, f0 is interpreted to represent the preferred frequency and σ is interpreted

as the bandwidth of the frequency tuning. Thomas et al. (2015) demonstrated that the pRF

framework was flexible and capable of estimating frequency-selective pRFs characterized

the tonotopy organization in human auditory cortex. Figure 1.6B shows tonotopic maps

estimated with the pRF method.

1.6 pRF Model Applications

The pRF model has been an invaluable tool in human vision research. One application

has been to acquire pRF parameter estimates and compare them with known properties

of visual cortex from physiological data. Dumoulin and Wandell (2008) compared pRF of

size by eccentricity estimates with RF sizes and eccentricity from single- and/or multi-unit

measurements. They confirmed that human pRF sizes increased as a function of eccentricity

and along the visual hierarchy. Amano et al. (2009) expanded on this by retinotopically

mapping hMT+, or human visual motion selective cortex. hMT+ was assumed to have

retinotopic maps because of projections from early visual cortex and they verified that hMT+

had retinotopic maps of both hemifields and larger pRF sizes than early visual cortex across

all eccentricities. The pRF method has even had success in estimating retinotopic maps in

subcortical structures (DeSimone et al., 2015) and the cerebellum (van Es et al., 2019).

Another organizational property the pRF model examined was cortical magnification

factor (CMF). Cortical magnification is an organizational principle where more cortical areas

with small RFs is devoted to representing central vision and less cortical areas with larger RFs

represent peripheral vision (Dow et al., 1981; Hubel & Wiesel, 1962, 1974; Van Essen et al.,

1984). Then, CMF is the cortical surface distance between two points representing 1◦ distance

in the visual field (Daniel & Whitteridge, 1961). Based on that definition, pRF estimates of

preferred location and cortical distance measurements were used to calculate CMF in humans

(Harvey & Dumoulin, 2011). The CMF metric has been used to characterize visual field
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representation asymmetries (Silva et al., 2018), explain variability in visual task performance

(Benson et al., 2021), and establish functional differences in amblyopia (Clavagnier et al.,

2015).

Currently, the literature using the pRF model to investigate topographical organization

human auditory cortex is in its nascent stage. Partially this is due to the lack of consensus

regarding the where and which dimensions of representation are present in human auditory

cortex besides frequency (Saenz & Langers, 2014). However, the pRF method is the right

analysis to use to answer this question because it requires explicit parameterization of stim-

ulus space. Recent work by Allen et al. (2022) marks the first study to use the pRF model

to demonstrate maps representing tuning for frequency, timbre, and pitch.

The pRF model outputs parameterized results that allows for pRF estimates to be com-

pared across conditions and populations of people. For example, the pRF method has been

applied to study the effect of attention in visual (Kay et al., 2015; B. P. Klein et al., 2014;

Sprague & Serences, 2013) and auditory (Lage-Castellanos et al., 2022) cortex. Interestingly,

results differs between visual and auditory pRFs. In vision, increased attention demand in-

creased pRF amplitudes and shifted pRF centers towards the attended location with little

change to pRF size (Kay et al., 2015; B. P. Klein et al., 2014; Sprague & Serences, 2013) and

the attentional effect also increases along the visual hierarchy. In contrast, the effect of atten-

tion on auditory pRFs demonstrate narrower tuning and decreased amplitudes although the

attention effect also increased along the auditory hierarchy (Lage-Castellanos et al., 2022).

The pRF method has also been used to investigate neural plasticity. In the case of

vision, studies examined if pRF’s would remap locations in macular degeneration (MD)

patients and sighted individuals with artificial scotomas. MD patients are individuals whose

portion of retina that represents foveal vision has died thereby creating a blind spot called

a scotoma. Thus, the portion of visual cortex that was used for foveal vision processing is

no longer receiving incoming signals. Previous MRI studies reported activation in cortical

regions that represent foveal vision in some MD patients with complete foveal vision loss

when shown stimuli at the edge of their scotoma (Baker et al., 2005, 2008; Dilks et al., 2009,
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2014). Although these studies had variable results, generally, they supported reorganization

of visual cortex that represented the fovea to have been remapped to representing a parafoveal

location in MD patients. However, Baseler et al. (2011) used the pRF model to estimate

retinotopic maps of MD patients and found no evidence for cortical remapping. In the case

of audition, the pRF model was used to estimate frequency-selective pRFs in hMT+ of early

blind and sight recovery individuals (Huber, Jiang, et al., 2019). Huber, Jiang, et al. found

that long-term visual deprivation could induce cross-modal cortical reorganization such that

hMT+, which typically responds to visual motion, produced frequency tuned pRFs when

estimated with moving auditory stimuli.

The original pRF model is a powerful and adaptable framework that has seen continued

development of its computation elements. As stated, the pRF method can be readily adapted

by redefining the parameterized stimulus and model space to estimate maps in other sensory

domains like audition (Thomas et al., 2015), but also in the somatosensory system (Puckett

et al., 2020; Schellekens et al., 2018, 2021; Wang et al., 2021). Studies have also incorporated

non-linear computations into the pRF model, such as surround suppression (Zuiderbaan et

al., 2012), compressive spatial (Kay et al., 2013) or temporal (Zhou et al., 2018) summation,

or divisive normalization (Aqil et al., 2021). The effort to include non-linear computations

are used to examine if known non-linear neuronal mechanisms would be reflected in the fMRI

signal especially in higher order sensory areas. Substantial work has also explored the effects

of different model fitting procedures, such as using a Bayesian approach (Zeidman et al.,

2018), incorporating gaze-correction (Hummer et al., 2016), or changing error metrics and

cost functions (Lage-Castellanos et al., 2020). Such efforts support pRF reliability (Benson

et al., 2018; Lerma-Usabiaga et al., 2020; Senden et al., 2014; van Dijk et al., 2016) so that

applications and comparisons of pRF estimates remain valid.

1.7 Outline

As previously stated, the pRF method can be used in a variety of ways to examine many

research topics of interest. In this dissertation, I present my work that used the pRF model
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to demonstrate the generalizability, applicability, and reliability of the pRF method as a

computational model of functional organization in human visual and auditory cortex.

In Chapter 2, I show that the pRF model can reliably encode frequency representation in

primary auditory cortex and use the frequency information to accurately decode novel stim-

ulus sequences (Chang et al., 2017). This work validates the generalizability and predictive

performance of the pRF model.

In Chapter 3, I demonstrate an application of the pRF model to examine neural plasticity

in auditory cortex. Specifically, I examined neural plasticity in tonotopic representation

in auditory cortex due to long-term visual deprivation (Huber, Chang, et al., 2019). To

accomplish this, I compared pRF estimate differences from normally sighted versus early

blind individuals. This work provided evidence towards systematic functional changes in

early auditory processing.

In Chapter 4, I will return to the visual cortex and provide an improved stimulus protocol

designed to minimize biases in pRF estimates. This stimulus design was created from the

knowledge of cortical properties in visual cortex. I use a combination of modeling and

simulation work to demonstrate the improvement provided with the use of this novel stimulus.

Thus, providing more reliable and accurate pRF estimates of human visual cortex.
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Chapter 2

RECONSTRUCTING TONE SEQUENCES FROM FMRI BOLD
RESPONSES WITHIN HUMAN PRIMARY AUDITORY

CORTEX

2.1 Introduction

A variety of blood-oxygen level dependent (BOLD) imaging studies have identified a pair

of mirror-symmetric tonotopic gradients centered on Heschl’s gyrus on the cortical surface,

thought to be the human homologs of primary areas A1 and R (Da Costa et al., 2011;

Formisano et al., 2003; Humphries et al., 2010; Moerel et al., 2012; Saenz & Langers, 2014;

Woods et al., 2009). These maps have been replicated across diverse imaging paradigms (Da

Costa et al., 2015; Langers, Sanchez-Panchuelo, et al., 2014; Moerel et al., 2018; Thomas et

al., 2015) and a range of stimulus types including orderly frequency progressions (Da Costa

et al., 2011; Langers, Krumbholz, et al., 2014; Striem-Amit et al., 2011; Talavage et al.,

2004), random tone sequences (Thomas et al., 2015), and complex natural stimuli (Moerel

et al., 2012).

However, while the overall pattern of frequency gradients is highly replicable, the accuracy

with which these maps have modeled the actual frequency preferences of individual voxels

is unclear. For example, several groups (Formisano et al., 2003; Humphries et al., 2010;

Langers, Krumbholz, et al., 2014; Woods et al., 2009) have obtained robust tonotopic maps

by evaluating BOLD responses to only a few discrete frequencies using a general linear

model (GLM). However, these models fail to capture the explicit representation of frequency

selectivity in the auditory cortex, which is thought to represent a wide range of auditory

frequencies. Stimulus-specific biases can also alter the frequency preference assigned to a

given fMRI voxel. Frequency “sweep” stimuli have been shown to induce a “traveling wave”
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of BOLD activity across the cortex (Engel et al., 1994) that is susceptible to biases induced

by habituation and/or expectation effects as well as spatio-temporal BOLD non-linearities

(Binda et al., 2013; Thomas et al., 2015). The complex morphology and small size of

auditory cortical areas makes them highly susceptible to these biases (Saenz & Langers,

2014). Consequently, while the general topographic organization of PAC seems to be robust

to the stimulus that was used, the frequency assigned to a given voxel can vary dramatically

depending on the stimulus, for example the direction of the frequency sweep that is used

(Da Costa et al., 2011; Thomas et al., 2015).

More recently, somewhat more complex modeling approaches have been applied to char-

acterizing the response selectivities of auditory areas. One influential class of models has

utilized an approach whereby natural scene stimuli are parameterized into a feature space

and regularized linear regression is used to characterize each voxel’s response preference

across this feature space (Kay et al., 2008; Naselaris et al., 2011; Nishimoto et al., 2011).

The advantage of this approach is that it attempts to capture the complexity of cortical

processing without explicitly imposing a preselected model (e.g., Gaussian tuning) upon the

response selectivity profile for a given voxel (although the parameterization of the stimulus

space must be appropriate). Voxel selectivity can be estimated as a weighted sum of the fea-

tures to which the voxel responds. Recent papers using this approach have shown selectivity

for, and interactions between, frequency, time, and spectro-temporal modulation (Moerel

et al., 2018; Santoro et al., 2014).

The second class of models – the population receptive field (pRF) approach – has been

equally influential. For this class, the response of the voxel is assumed to have a specific

parameterized form (e.g., Gaussian tuning with log frequency) rather than allowing the

stimulus to determine the selectivity profile. This provides an explicit function of voxel

selectivity along the dimension(s) of interest (Dumoulin & Wandell, 2008; Zuiderbaan et al.,

2012). Models of this class have tended to rely on relatively minimalist parameterizations

(e.g., two parameters for a Gaussian in frequency space). Indeed, the popularity of this

approach has rested in large part on its simplicity. One advantage is that it provides a clear
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test of how well a specific parameterized model of individual voxel tuning properties can

predict BOLD responses within a given area. As a result, estimated parameter values can

easily be compared across a wide range of stimulus paradigms, cortical areas, and subject

groups.

Previously, we applied the pRF approach to auditory cortex to measure the frequency

selectivity for individual voxels (Thomas et al., 2015). Here, we present a method for exam-

ining whether our simple model of frequency tuning can predict responses to more natural,

familiar, and predictable stimuli. Specifically, we examined whether tonotopic maps gener-

ated using randomized tones could be used to decode and reconstruct a sequence of tones on

the basis of an individual subjects’ BOLD responses over time. First, we characterized the

tonotopic organization of each subject’s auditory cortex by measuring auditory responses to

randomized pure tone stimuli and modeling the frequency tuning of each fMRI voxel as a

Gaussian in log frequency space. Next, we measured cortical responses in the same subjects

to novel stimuli containing a sequence of tones based on the melodies “When You Wish Upon

a Star” (Harline et al., 1940) and “Over the Rainbow” (Arlen & Harburg, 1939). These ‘song-

like’ sequences were chosen because they include complex temporal dependencies as well as

expectation effects, albeit over a very slow time scale. Then, using a parametric decoding

method, we reconstructed the tones from these songs by determining what frequency would

best maximize the correlation between predicted (based on our pRF models) and obtained

BOLD activity patterns for each point in the stimulus time course.

2.2 Materials and Methods

Three right-handed subjects (2 male, 1 female, ages 27–46) participated in two fMRI ses-

sions. Subjects reported normal hearing and no history of neurological or psychiatric illness.

Written informed consent was obtained from all subjects and procedures, including recruit-

ment and testing, followed the guidelines of the University of Washington Human Subjects

Division and were reviewed and approved by the Institutional Review Board.
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2.2.1 MRI Data Acquisition and Analysis

Blood-oxygen level dependent imaging was performed using a 3 Tesla Philips Achieva scanner

(Philips, Eindhoven, The Netherlands; Goebel et al., 2006) at the University of Washington

Diagnostic Imaging Sciences Center (DISC). Subjects were instructed to keep their eyes

closed throughout all scans and foam padding was used to minimize head motion. fMRI

data were acquired using a 32-channel head coil and a continuous EPI pulse sequence (2.8×

2.8 × 2.8 mm3, TR/TE = 2000/25 ms, flip angle = 60◦, EPI-factor = 35, no slice gap). We

used a continuous sequence designed with Philips SofTone software (SofTone factor of 4.0)

to generate less acoustic scanner noise (Thomas et al., 2015).

Standard pre-processing of fMRI data was carried out using BrainVoyager QX software

(version 2.3.1, Brain Innovation B.V., Maastricht, The Netherlands), including 3D motion

correction, slice scan time correction, and temporal high-pass filtering. 3D motion correc-

tion was performed by aligning to all volumes to the first volume within a session on 9

parameters for translation, rotation, and scale. Slice scan time correction was performed

using cubic spline interpolation with an ascending and interleaved order of the slice scan

acquisition. Temporal high-pass filtering was performed at a cutoff of 2 cycles per scan.

Functional data were aligned to a T1-weighted anatomical image acquired in the same ses-

sion (MPRAGE, 1× 1× 1 mm3). The anatomical images acquired in the two sessions were

aligned to each other and to each subject’s 3D Talairach-normalized functional dataset. The

BrainVoyager QX automatic segmentation routine was used to reconstruct the cortical sur-

face and the resulting smooth 3D surface was partially inflated. For each subject, large

anatomical regions of interest (ROIs) were selected from both hemispheres of the auditory

cortical surface using drawing tools within BrainVoyager QX. Preprocessed time-course data

for each 3D anatomical voxel within the volume ROI were then exported to MATLAB for

further analysis.
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2.2.2 Auditory Stimulus Presentation

Sound stimuli were generated in MATLAB using the Psychophysics Toolbox (www.psychtoolbox.

org). Stimuli were delivered via MRI compatible insert earphones (S14; Sensimetrics), at a

sampling rate of 44.1 kHz, with intensities calibrated to ensure flat frequency transmission

from 100 to 8 kHz. After sound system calibration, stimulus sound intensities were adjusted

according to a standard equal-loudness curve created for insert earphones (ISO 226: 2003) to

approximate equal perceived loudness across all frequencies. Acoustic noise from the scanner

was attenuated by expanding-foam ear tips as well as protective ear muffs placed over the ear

following earphone insertion. Subjects reported hearing all stimuli at a clear and comfortable

audible level, with roughly equal loudness across all tones.

2.2.3 pRF Estimation

To reduce the influence of spatiotemporal non-linearities on pRF estimates, we measured

fMRI responses to randomized pure tone sequences consisting of 240 frequency blocks. As

shown in Figure 2.1A, each block lasted 2 s and consisted 8 pure tone bursts of a single

frequency. Each burst lasted either 50 or 200 ms in duration (inter-stimulus interval =

50 ms) and was presented in a pseudo-randomized order, resulting in a “Morse code” like

pattern of tones. This served to increase the perceptual salience of the tone bursts over the

background scanner noise. The frequencies presented in the blocks were equally spaced on a

logarithmic scale, ranging from 88 to 8000 Hz. Each frequency block was presented only once

per scan and block order was randomly shuffled for each scan. Following every 60 blocks

was a 12 s silent pause. This silent period allows the pRF algorithm to better estimate

the baseline fMRI response to scanner noise. Each subject participated in a single pRF

estimation scanning session, consisting of 6 scans, each containing a different randomized

sequence of the same 240 frequency blocks.

Following previously described methods, we used customized MATLAB software to es-

timate the frequency tuning curves for individual voxels based on a linear temporal model
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Figure 2.1: Tonotopic population receptive field (pRF) estimation. (A) The first 60 s of an example

random sequence stimulus used during pRF estimation. Each block lasted 2 s and consisted of 8

pure tone bursts of a single frequency. Bursts lasted either 50 or 200 ms in duration (inter-stimulus

interval = 50 ms) and were presented in a pseudo-randomized order. (B) Tonotopic and bandwidth

maps for the left hemisphere of example Subject 1. As indicated by the black arrows, pRF frequency

center (Hz) values formed two mirror-symmetric tonotopic gradients corresponding to the primary

auditory fields A1 and R, outlined here by solid black lines. No clear organization was observed for

pRF bandwidth (octaves) values (not shown).

of the fMRI BOLD response time course (Thomas et al., 2015). Briefly, analysis began by

defining a stimulus time course, which indicates the presence or absence of a particular fre-

quency over time. This stimulus time course was convolved with each subject’s estimated

hemodynamic response function (HRF) modeled as a gamma probability density function

(Boynton et al., 1996). Each voxel’s response was modeled using a 1-dimensional Gaussian

function g (f), defined over frequency (in log space). The center (f0) of each Gaussian corre-

sponds to the frequency of the voxel’s maximum sensitivity, and the standard deviation (σ)

corresponds to the range of frequencies that the voxel is sensitive to. Standard deviations are

reported as bandwidth values by calculating the full width half maximum (FWHM) in terms
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of octaves. A predicted fMRI time course was then generated for each voxel by calculating

the linear sum of the overlap between the hemodynamically blurred stimulus time course and

the pRF model. Finally, model fits for each voxel were obtained using a non-linear search

algorithm that found the model parameters that maximized the correlation value (goodness-

of-fit) between the voxel’s pRF predicted time course and the acquired fMRI BOLD response

time course (using Matlab’s “fmincon” function).

The procedure described above included a few modifications from our original pRF anal-

ysis (Thomas et al., 2015). First, we included a static power-law non-linearity within the

Gaussian model by including a free exponent parameter (n) to account for non-linear sum-

mation of the BOLD response according to the compressive spatial summation (CSS) model

(Kay et al., 2013). The incorporation of this static non-linearity, which is applied after the

initial fitting of the linear model, has been shown to more accurately explain BOLD activity

and improve overall receptive field fits. This parameter was constrained to fall between 0

and 1. Second, we constrained the Gaussian standard deviation (σ) to values greater than

0.015 (chosen based on the resolution of the presented frequencies).

The drawing of the PAC region of interest was performed using both the functional data

and following anatomical landmarks. A second independent observer verified the selection

of the ROI.

After fitting, only voxels within PAC, with a pRF correlation value (goodness-of-fit)

above 0.15 were retained for song decoding and reconstruction (533, 530, 244 voxels for

subjects S1–S3, respectively). Results were robust to a wide range of correlation values.

Critically, all voxels with pRF fits above this threshold within PAC were included in all

further analyses, there was no further selection based on the ability to predict the song-like

stimuli. Thus, there was no selection of voxels on the basis of their ability to generalize to a

novel stimulus. As demonstrated in Figure 2.1B, pRF center (f0) values formed two mirror-

symmetric tonotopic gradients corresponding to the primary auditory fields A1 and R in both

hemispheres of all subjects. No clear topographical organization within PAC was observed

for either pRF bandwidth values (average bandwidth in octaves ±SD, S1 = 3.385± 2.807,
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S2 = 3.732± 1.634, S3 = 2.219± 1.201), or exponent parameters (average value of n± SD;

S1 = 0.587± 0.310, S2 = 0.611± 0.228, and S3 = 0.726± 0.318).

2.2.4 Frequency Decoding

During a separate scanning session, we collected fMRI responses to two pure tone song-

like sequences based on two familiar melodies: “When You Wish Upon a Star” (Wish) and

“Somewhere Over the Rainbow” (Rainbow). Each song-like sequence was generated using 2 s

frequency blocks with frequencies ranging from 880 to 2349 Hz (corresponding to the notes

A5-D7 on the western music scale). Each 2 s block contained 13 tone bursts of the same

frequency, each lasting 75 ms in duration (inter-stimulus interval = 75 ms). This created

a vibrato-like effect which served to increase the perceptual salience of each block, without

interrupting the melodic feel of the song-like sequence. A single presentation of each song-

like sequence contained either 25 (Wish) or 23 (Rainbow) frequency blocks followed by 8 s

of silence, and the entire presentation was repeated 8 times per scan. Averaged fMRI BOLD

time courses were then generated for each song-like sequence by averaging data responses

across the eight presentations within each scan, and across two scans of the same sequence

type.

We decoded both song-like sequences by reconstructing each sequence one block at a

time. To do this, we used the pRF models previously generated with the randomized tone

sequences to generate predicted voxel activity patterns elicited for a set of 14 frequencies

sampled from 88 to 8000 Hz in half-octave steps. The best fitting frequency from this set

is then used as the initial parameter for a non-linear optimization fitting procedure (again,

Matlab’s “fmincon” function) that determined what frequency produced the predicted voxel

activity pattern best correlated with the measured voxel activity pattern for each 2 s block.

This process was then repeated for each block in the sequence, until all frequency blocks

had been reconstructed. Finally, to account for the delayed hemodynamic blurring of BOLD

signal a fixed temporal lag of 6 s was applied to the reconstructed sequence (Kay et al.,

2008).
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It is important to note that our method only depends on the frequency selectivity of in-

dividual voxels, not their physical locations within auditory cortex. This method is therefore

not dependent upon any particular model (Moerel et al., 2015; Saenz & Langers, 2014) of

frequency selectivity organization.

The quality of the reconstructed sequences was quantified in three ways: Identification

performance, reconstruction accuracy, and model reliability.

Identification performance was assessed as the ability to correctly identify the actual song

over other song-like sequences that contained similar statistical properties. For each recon-

structed sequence, we applied an algorithm based on first-order Markov chains to randomly

generate 1000 simulated (new sequences were generated for each subject) song-like sequences

that reflected the frequency content and note-to-note probabilities of the Rainbow and Wish

sequences. Other more advanced methods for generating simulated sequences exist, includ-

ing probabilistic models of melodic intervals (Temperley, 2008, 2014). However, our model

was generated using unpredictable stimuli, and did not incorporate any information about

interval dependencies. Consequently, identification performance was unlikely to be signifi-

cantly altered by the use of more realistic foil sequences. We then calculated the correlation

(Pearson’s r) between the reconstructed sequence and the actual sequence of tones, as well

as for each of the simulated foils. Identification performance was defined as the number of

times in which the actual sequence was correctly selected, on the basis of having a higher

correlation with the reconstructed sequence than any of the 1000 simulated sequences.

Reconstruction accuracy was assessed as the ability to recreate each note in the actual

sequence. This was calculated as the residual difference in cents (1200 cents per octave)

between each note in the reconstructed and actual sequences. To determine if any systematic

over or underestimation was present in the reconstructed sequences, we performed a two-

tailed t-test on the means of the residual errors. Any mean that was significantly different

from zero reflected an overall bias in reconstruction accuracy.

Model reliability was assessed using the metric of relative root mean square error (rRMSE,

Rokem et al., 2015). For both song-sequences we normalized the root mean square error
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(RMSE) value describing the difference between predicted and measured time series by the

RMSE describing the difference between the time series of each of the two scans collected

for that song-sequence. Thus, for each song:

rRMSE =
(RMSE (TCpred, TCscan1) +RMSE (TCpred, TCscan2))

2RMSE (TCscan1, TCscan2)
(2.1)

where TCscan1 and TCscan2 are the measured time course for the song-like sequence obtained

in individual scans and TCpred is the predicted time course for the song-like sequence, based

on our pRF model (generated using random tones). This measure provides us with an

index of the goodness-of-fit of our model, relative to measurement reliability. As described

by Rokem et al. (2015), if the model has higher accuracy than test–retest accuracy then

rMSE < 1. For simple cases of IID signals with zero-mean Gaussian noise, if the model

perfectly captured the data then rRMSE = 1√
2
= 0.707.

2.3 Results

We began by determining the correlation between reconstructed and actual frequencies for

each subject for both Rainbow and Wish (Figure 2.2A,B and Table 2.1) sequences. For all

subjects, reconstructed sequences were well correlated with the actual sequences that were

presented, indicating good reconstruction accuracy.

Figure 2.2C,D illustrate identification performance. Histograms containing the correla-

tion between the reconstructed Rainbow (Figure 2.2C) and Wish (Figure 2.2D) sequences

and 1000 simulated foils. The correlation value between the predicted and the actual se-

quence is represented by a black line in each histogram, indicating the correlation value for

the actual sequence. Identification performance for both Rainbow and Wish was at near

perfect levels for all three subjects, demonstrating that the identity of a tone sequence can

be readily be decoded based on the similarity between the predicted BOLD response to that

sequence of tones and the measured BOLD response.

Figure 2.3 displays the notes of the actual and reconstructed sequences of each subject on

the five-line staff according to modern musical notation. Purely for illustration purposes, the
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Figure 2.2: Tone identification performance. (A,B) Scatter plots showing the correlation between

reconstructed and actual frequencies for each subject for both the Rainbow (A) and Wish (B)

sequences, also shown Table 2.1 (C,D) Using a method based on a first order Markov chain algorithm,

we simulated 1000 song-like sequences reflecting the frequency content and note-to-note probabilities

of the Rainbow (C) and Wish (D) sequences. Histograms show the distribution of correlation values

(Pearson’s r) between each of the simulated sequences and either reconstructed sequence. The line in

black designates the correlation value between the actual song-like sequences and the reconstructed

sequences, indicating the degree to which the correct sequence had been successfully identified. The

number of correct identifications (out of 1000) is reported for each reconstructed sequence. Colors

correspond to individual subjects.
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reconstructed frequencies in Figure 2.3 were rounded to the nearest semitone (12 semitones

per octave), or “note.” We also lowered all notes (actual and reconstructed) one octave for

better representation on the treble clef. One way of assessing the precision of our pRF

decoding method is by examining how accurately each song-like sequence was reconstructed

in terms of musical intervals or cents. The standard deviations of the residual errors are

reported in Table 2.1. Standard deviations ranged between 434 and 512 cents across subjects

and songs (around three to four notes, or a third of an octave).

Subject Stimulus Pearson’s r Residual Error (cents)

S1
Rainbow 0.587 25.98± 465.44

Wish 0.615 −30.71± 448.05

S2
Rainbow 0.562 −210.12± 512.17

Wish 0.699 −215.54± 421.35

S3
Rainbow 0.550 14.60± 456.24

Wish 0.642 −155.78± 434.02

Table 2.1: Model performance: Reconstruction accuracy. Correlation values (Pearson’s r, also

shown Figure 2.2) between reconstructed and actual frequency values, M ± 1 SD of residual errors

in cents between the reconstructed and actual frequencies.

We also examined whether the mean of the residual errors differed significantly from

zero, which would reflect a systematic bias in reconstruction accuracy (Table 2.1). Of the

six means, only one reached statistical significance with a two-tailed t-test (Subject 2, Wish,

t(24) = −215.54 cents, p = 0.0173), non-significant after either Bonferroni or Bonferroni-

Holm correction (Holm, 1979). Thus, there does not appear to be a systematic over or

underestimation of reconstructed frequencies, at least as far as the power of our experimental

design can provide.

Figure 2.4 shows that our model fits the novel song-sequences extremely accurately. The

blue line shows rRMSE = 1, representing performance equal to test–retest reliability. For
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Figure 2.3: Tone sequence reconstruction. For easier visualization on a treble clef, all frequencies

(Hz) were rounded the nearest semitone and lowered one octave. Actual notes from each song-

like sequence are in black, while the color of notes in the reconstructed sequences corresponds to

individual subjects.

all subjects and song-sequences most of the voxels had rRMSE values < 1. Indeed, for 2

of the 3 subjects fewer than 1% voxels had rRMSE values greater than 1. The red line

shows rRMSE = 0.707: the expected performance value if the model was perfect (assuming

zero-mean IID noise). The median rRMSE values for all three subjects were close to the

expected value of a perfect model, with only small room for improvement.

2.4 Discussion

Using a combined auditory pRF encoding/decoding approach, we found that we could ac-

curately identify and reconstruct tone sequences over time on the basis of BOLD responses,

thereby demonstrating the predictive accuracy of our model of frequency selectivity of PAC.

2.4.1 Encoding/Decoding Models of Sensory Cortex

A few previous studies have used linear classifier algorithms, trained to discriminate between

stimulus categories based on patterns of activity across fMRI voxels, to classify speech content

and speaker identity (Formisano et al., 2008) as well as the emotional content of speech

(Ethofer et al., 2009). One limitation of such classification approaches is that they are
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Figure 2.4: Histograms of voxel rRMSE values for 2 song-like sequences and 3 subjects. The

population receptive field model predicts the data better than test–retest reliability (blue line,

rRMSE = 1) in almost all voxels. Median rRMSE values are close to the expected performance of

a perfect model (red line, rRMSE = 0.707). Inset text show median rRMSE and the percentage

of voxels > 1.
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limited to candidate stimulus sets and cannot be generalized to substantially novel stimuli

(Naselaris et al., 2011). Moreover, linear classifiers do not provide insight into the feature

space of functional organization within auditory cortex (see, Naselaris & Kay, 2015, for

discussion).

Another fundamental difference between our study and the linear classification studies

described above, is that linear classifiers select the components in the response state with

the greatest predictive value. Critically, for both identification and reconstruction we used

all voxels within PAC whose responses could be fit by the pRF model. Thus, identification

performance did not assess whether any voxels in PAC could successfully identify the tone

sequence that was presented, but rather assessed whether the collective responses of voxels

within PAC as a whole carries reliable and generalizable information about the tone sequence.

As described in the Section “Introduction,” there currently exist two classes of models

that are designed to carry out encoding/decoding that is generalizable to novel stimuli. The

first relies on a parameterization of the stimulus space through single-voxel encoding (Kay

et al., 2008; Moerel et al., 2014; Naselaris et al., 2009; Nishimoto et al., 2011; Santoro et al.,

2014) and multivariable model-based approaches (Miyawaki et al., 2008; Santoro et al., 2017).

Two previous studies (Moerel et al., 2018; Santoro et al., 2017) have used this approach to

examine decoding and reconstruction performance for 1 s natural auditory scenes. In both

studies responses to a training set were used to estimate each voxel’s sensitivity to a range of

spectrotemporal features. Sensitivity was described on the basis of models of varying degrees

of complexity, ranging from simple frequency to a 4D model that included frequency, spectral

modulation, temporal modulation and time. In the Moerel et al. (2018) study the model was

assessed by computing the correlation between the models predicted time course to a given

sound and the measured time courses to the remainder of the test sounds. In the Santoro

et al. (2017) study, voxel responses to a test set, in conjunction with the voxel weightings

across the feature space, were used to reconstruct the features of each test stimulus.

Our model belongs to the second class of models – our goal was to specifically model the

response selectivity of the voxel with an assumed Gaussian selectivity profile. Our stimuli
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and model only varied along the dimension of frequency, because we wanted to examine the

pRF approach using a dimension whose representation within PAC is reasonably well char-

acterized. Having shown that our model can identify what song-like sequence a person had

been listening to with high reliability, we also demonstrate that a pRF model of tonotopic

organization in the human primary auditory cortex can also reconstruct the sequence of tones

played over time. Our encoding pRF model was used to describe the frequency selectivity of

individual voxels in each subject’s primary auditory cortex (Thomas et al., 2015). Then we

applied a parametric decoding method on our pRF model to identify and reconstruct tone

sequences. We examined the reliability and validity of our tonotopic encoding model in a

variety of quantitative ways. Identification performance was virtually perfect. Reconstruc-

tion accuracy of single tones was also excellent, we were able to reconstruct the tones of the

song-like stimuli for all three subjects within a half of an octave or less, with little evidence of

systematic biases in frequency estimation. Finally, and importantly, our rRMSE estimate

of model accuracy suggests that our model, despite being much simpler than these other

models, is nearly perfect: the model (generated using random tones) predicted the time

course of song-sequences far better than test–retest reliability. Indeed, rRMSE estimates

of model performance suggested that our model performed close to optimally, despite these

novel stimuli containing a more restricted range of frequencies, greater temporal dependen-

cies, and (presumably) expectation effects. This suggests that, for the stimuli used here,

these factors did not radically alter the tonotopic information carried by individual voxels.

As described above, other studies have shown that neurons in auditory cortex respond

selectively to other stimulus dimensions, including spectral and temporal modulation, time

and loudness (Barton et al., 2012; Baumann et al., 2011; Langner et al., 1997, 2009; Mo-

erel et al., 2012, 2013, 2015, 2018; Sadagopan & Wang, 2009; Santoro et al., 2014, 2017;

Schönwiesner & Zatorre, 2009; Uppenkamp & Röhl, 2014). However, while recent studies

(Moerel et al., 2018; Santoro et al., 2017) make it clear that voxels vary in their responsivity

across these various dimensions, there is still much to be learned about how topographical

selectivity for these other dimensions vary within primary and secondary auditory areas, and
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whether there are systematic differences in selectivity across these various dimensions across

different cortical areas. Discovering parameterizations that can simplify this multidimen-

sional space by summarizing voxel selectivity across multiple dimensions would be a natural

extension of our approach. At some point it is likely that our approach (building up from

simple stimuli and simple models) and that of other groups using more complex stimuli and

models (Moerel et al., 2018; Santoro et al., 2017) will converge at an optimal level of model

complexity.

One promising future direction will be inclusion of the effects of temporal regularities.

The stimuli used to develop our pRF model did not contain any first or second order statis-

tical regularities, and thus our model does not capture the effects of attention, expectation,

or longer-term habituation (our model did include response compression) on the BOLD re-

sponse, despite these factors being known to strongly modulate auditory cortex responses

(Da Costa et al., 2013; Thomas et al., 2015). However, as described above, we were able to

use pRFs based on responses to unpredictable stimuli to reconstruct the fMRI time courses

to predictable song-like stimuli with nearly equal accuracy as for the unpredictable stimuli.

Other promising future directions include using a large number of subjects to examine

variability in the population, using these methods to link cortical responses to perceptual

experience for ambiguous auditory stimuli, examining whether cortical representations can

predict behavioral performance in both typical and atypical populations, and examining the

effects of frequency-selective attention (Da Costa et al., 2013; Woods et al., 2009).
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Chapter 3

EARLY BLINDNESS SHAPES CORTICAL REPRESENTATIONS
OF AUDITORY FREQUENCY WITHIN AUDITORY CORTEX

3.1 Introduction

It has long been held that early blindness leads to enhanced perception of auditory stim-

uli, and a number of behavioral studies have linked early-onset blindness to superior pitch

perception (Gougoux et al., 2004; Voss & Zatorre, 2011; Wan et al., 2010). However, the

neural basis of any such enhancements is not known. Heightened frequency discrimination

as a result of blindness early in life could potentially be mediated by compensatory plasticity

within deprived occipital cortex. Indeed, Kujala et al. (1992) observed that neural responses

to pure tones, measured using EEG, were shifted posteriorly in a group of blind subjects,

and subsequent MEG measurements further suggested these responses might be localized to

occipital cortex (Kujala et al., 1995). Using fMRI, Watkins et al. (2013) observed responses

to pure tones within area hMT+, an area typically associated with visual motion percep-

tion, in a subset of individuals with anophthalmia. More recently, (Huber, Jiang, et al.,

2019) demonstrated that responses with hMT+ are selective for both auditory frequency

and motion as a result of early blindness.

Enhanced auditory performance as a result of blindness might also be mediated by plastic-

ity within auditory areas. Previous MEG results in congenitally blind individuals suggested

an expanded tonotopic representation within a region identified as primary auditory cortex

(Elbert et al., 2002), with responses to 500 and 4000 Hz tones being separated more widely

on the cortical surface in blind relative to sighted individuals. An expanded tonotopic map

might permit a finer frequency resolution. Indeed, expansion in the representation of specific

auditory frequencies has been linked to superior discrimination performance after extensive
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training (Recanzone et al., 1993). However, a few studies have reported an attenuated re-

sponse to pure tone auditory stimuli in the temporal lobe of early blind individuals (Gougoux

et al., 2009; Stevens & Weaver, 2009; Watkins et al., 2013). This has been interpreted as

reflecting either increased “efficiency” of processing within the intact modality (Gougoux et

al., 2009; Stevens & Weaver, 2009) or reduced participation in auditory processing, perhaps

due to function being “usurped” by reorganized occipital cortex, as may occur for auditory

motion processing (Dormal et al., 2015; Jiang et al., 2014).

Here, we used fMRI and population receptive field (pRF) modeling (Dumoulin & Wandell,

2008) in acoustic frequency space (Thomas et al., 2015) to characterize the effects of blindness

on primary auditory cortex within a group of individuals with early blindness, including

a subset of individuals with anophthalmia, in whom the eyes fail to develop. In blind

individuals, we see evidence for a more refined representation of auditory frequency within

auditory cortex.

3.2 Materials and Methods

3.2.1 Participants

Appendix A.1 provides subject details. Data were collected at two research sites: the Uni-

versity of Washington (UW; Seattle) and Oxford University (Oxford, UK). At the UW, data

were collected using two protocols (static and motion, described below). Four early blind

individuals (2 females) and four age-matched controls (static: 2 females; motion: 3 females)

completed both the static and motion protocols. Two control subjects were repeated across

protocols, whereas the remaining control subjects completed one protocol or the other, due

to scheduling constraints.

At the University of Oxford, data were collected using the motion paradigm with partic-

ipants with anophthalmia (N = 5, 1 female) and an age-matched control group (N = 9, 3

females). All subjects reported normal hearing, and no history of neurological or psychiatric

illness.
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At each site, the study was approved by the Institutional Review Board, and all subjects

provided written informed consent.

3.2.2 MRI

Overhead lighting was dimmed during MRI acquisition, and subjects were instructed to keep

their eyes closed throughout testing. Foam padding was used to minimize head motion. A

closed-circuit camera system was used to monitor compliance, and all subjects successfully

followed instructions and kept eyes closed during all functional scans.

3.2.3 Acquisition Protocol

UW data were collected using a 3T Achieva scanner (Philips) at the UW Diagnostic Imaging

Sciences Center using a 32-channel head coil. In the static session, four functional scans were

acquired using a standard EPI sequence (36 slices, TR/TE = 2000/25 ms, flip angle = 80◦,

no slice gap). After discarding the first 5 timeframes, each scan consisted of 255 volumes

at an effective voxel size of 3 mm3 isotropic (FOV = 240 × 240 × 108 mm3, matrix size =

80 × 80 × 36). In the motion session, 4 functional scans were acquired using a standard

EPI sequence (30 slices, TR/TE = 2000/25 ms, flip angle = 80◦, no slice gap). After

discarding the first 5 timeframes, each scan consisted of 144 volumes at an effective voxel

size of 2.75 × 2.75 × 3.00 mm3 (3 mm in-plane; FOV = 220 × 220 × 90 mm3, matrix size =

80× 80× 30).

Oxford data were acquired with a 7T scanner (Siemens) at the Oxford Centre for Func-

tional MRI of the Brain using a 32-channel head coil. In each session, six functional

scans were acquired using a multishot EPI sequence (64 slices, TR/TE = 2488/27.8 ms,

flip angle = 85◦, no slice gap) with in-plane acceleration using parallel imaging (GRAPPA

factor = 2; Griswold et al., 2002) and through-slice acceleration using multiband imaging

(MB factor = 2; Moeller et al., 2010). Each scan consisted of 116 volumes at an effective

voxel size of 1.2 mm3 isotropic (FOV = 192× 192× 76.8 mm3, matrix size = 160× 160× 64).
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3.2.4 Auditory Stimulus Creation

Auditory stimuli were generated in MATLAB (The MathWorks) using the Psychophysics

Toolbox (www.psychtoolbox.org) and custom MATLAB software, and were delivered via

insert earphones. Auditory stimuli were delivered using MR-compatible Sensimetrics S14

earphones (Sensimetrics) at both research sites.

All stimuli were presented at a sampling rate of 44.1 kHz. Auditory calibration was

performed using a standard, two-step procedure. We began by compensating for frequency-

specific distortions in the earphone output, adjusting stimulus intensities to ensure flat fre-

quency transmission from 100 Hz to 8 kHz. Next, stimulus sound intensities were adjusted

according to a standard equal-loudness curve created for insert earphones (ISO 226) to ap-

proximate equal perceived loudness across frequency. Actual sound intensities (65–83 dB

SPL) were matched to the perceived loudness of a 1 kHz tone (reference frequency) at 70 dB

SPL. Acoustic noise from the scanner was attenuated by expanding-foam ear-tips, as well

as protective earmuffs placed over the ear following earphone insertion. Subjects confirmed

that all tones were clearly audible, and of approximately equal loudness across the frequency

range.

3.2.5 Auditory Stimulus and Task

As described in Appendix A.1, all 4 early blind UW subjects participated in both the static

and the motion protocols. All 5 Oxford anophthalmic subjects only participated in the

motion protocol.

Motion Stimuli

Stimuli consisted of bandpass noise burst pairs centered at each of 7 frequencies (100–3162

Hz, stimulus bandwidth of ∼ 0.8 octaves), presented in pseudo-randomized blocks that lasted

2 s. The auditory motion within each block was simulated using interaural time difference

and consisted of a pair of identical 1 s bursts (treated as a single event) traveling at 30 m/s
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from left to right, or vice versa, along a fronto-parallel plane 10 m in front of the listener.

Subjects were asked to monitor the stimulus frequency and report via button press each time

the same exact frequency-band noise burst pair was repeated (1-back task, 10% of trials).

The task ensured that the subjects maintained attention for the duration of the scan. Catch

trials were included in all analyses.

Static Stimuli

Stimuli were blocks of pure tone bursts, which varied in auditory frequency (88–8000 Hz,

sampled in half-octave steps). Each 2 s stimulus block contained eight pure tone bursts of

the same frequency. Tone durations were alternated in pseudorandomized order, switching

durations at least 4 times during each 2 s block, resulting in a “Morse code”-like pattern of

long and short tones, which served to increase the perceptual salience of the stimuli over the

regular pattern of background scanner noise (Da Costa et al., 2011; Thomas et al., 2015).

Each run consisted of a series of sequences of 3–4 ascending or descending half-octave

steps, with the starting frequency and sequence (ascending vs descending) selected pseudo

randomly at the beginning of each sequence. The pseudo randomization ensured that the

distribution of presented frequencies between 88 and 8000 Hz was uniform, and that there

were equal numbers of ascending and descending sequences. Subjects were asked to monitor

the stimulus frequency and report via button press each time the same exact frequency

was repeated (1-back task, 10% of trials). The task ensured that the subjects maintained

attention for the duration of the scan. Catch trials were included in all analyses.

3.2.6 MR Data Preprocessing

Standard preprocessing of fMRI data was performed using BrainVoyager QX software (ver-

sion 2.3.1, Brain Innovation; Goebel et al., 2006), including slice scan time correction, 3D

motion correction, and temporal high-pass filtering (cutoff = 2 cycles). Parameters gener-

ated during motion correction were recorded to ensure that subject motion within a scan did

not account for pRF tuning parameters, as described below.
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Functional data were aligned to the T1-weighted anatomical image acquired in the same

session (MPRAGE, 1 mm3) and resampled to 3 mm3 resolution. The BrainVoyager QX

automatic segmentation routine was used to reconstruct the cortical surface at the white-

gray matter border (with hand-editing to minimize segmentation errors) and the resulting

smooth 3D surface was partially inflated.

3.2.7 ROI Selection

Auditory cortex borders were drawn generously based on purely anatomical criteria to include

all voxels within a contiguous region of auditory cortex between the lateral border on the

crown of the superior temporal gyrus, the medial border within the fundus of the lateral

sulcus, the posterior border of the supramarginal gyrus, and the anterior border of the most

anterior portion of the temporal lobe.

The primary auditory cortex (PAC) ROI was defined using a combination of anatomical

and functional criteria (Thomas et al., 2015). For simplicity, we refer here to the pair of

tonotopic gradients comprising hA1 and hR as PAC. In primates, the auditory core area

contains up to three tonotopic subdivisions, A1, R, and RT (Hackett, 2008; Hackett et al.,

1998), which have been localized to the medial two-thirds of Heshl’s gyrus (Dick et al.,

2012; Rademacher et al., 2001). Human neuroimaging studies have identified at least two

tonotopic gradients, presumed to be the human homologs of areas A1 and R (Da Costa

et al., 2011, 2015; Formisano et al., 2003; Humphries et al., 2010; Langers & van Dijk, 2011;

Moerel et al., 2012; Striem-Amit et al., 2011; Thomas et al., 2015). We identified PAC as

consisting of two mirror-symmetric tonotopic gradients, meeting at a low-frequency reversal

on the crown of Heschl’s gyrus. Based on this tonotopic map and the underlying anatomy,

for each subject, a PAC ROI was defined as a contiguous patch of cortical surface spanning

Heschl’s gyrus and containing both tonotopic gradients. Anterior and posterior borders were

drawn along the outer high-frequency representations of the tonotopic maps, and lateral and

medial borders were conservatively drawn to include only the medial two-thirds of Heschl’s

gyrus. Although this ROI selection method cannot isolate auditory core from auditory belts
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areas that share the same tonotopic gradients, it does provide a consistent PAC definition

for individual subjects across distinct acquisition and stimulus types (Da Costa et al., 2015;

Thomas et al., 2015).

Large regions outside PAC also show evidence of frequency tuning. However, because

there is still uncertainty about how tuning profiles relate to subdivisions of secondary au-

ditory areas (Barton et al., 2012; Moerel et al., 2014; Santoro et al., 2017; Schönwiesner &

Zatorre, 2009), we treat regions outside PAC as a single ROI. Our secondary auditory areas

ROI was simply defined as voxels within the auditory cortex ROI that were not within PAC.

3.2.8 Population Receptive Field Analysis

Preprocessed fMRI data were analyzed using methods described in detail in Thomas et al.

(2015). In brief, we assumed a Gaussian sensitivity profile of unit amplitude on a log auditory

frequency axis for each voxel. Using custom software written in MATLAB, we found, for

each voxel, the center (f0) and SD (σ) of the Gaussian that when multiplied by the stimulus

over time and convolved with an HRF (see below) produced a predicted time course that

best correlated with the voxel’s measured time course. For each voxel, the best-fitting value

of f0 is interpreted as that voxel’s preferred frequency, while the best-fitting value of σ is

interpreted as the tuning bandwidth.

Based on Boynton et al., 1996, we modeled the auditory HRF as a gamma function, with

initial parameters n = 3, tau (τ) = 1.5, and delay (δ) = 1.8. We then used an iterative

procedure to obtain individual HRF estimates. For each subject, we iteratively looped three

times between two steps: (1) optimizing f0 and σ while holding HRF parameters fixed, (2)

optimizing τ and δ while holding f0 and σ fixed. This HRF optimization was only performed

on a subset of the data, using voxels with an initial fitted correlation value > 0.25. Median τ

and δ parameters were used to approximate each individual’s HRF across the entire auditory

cortex ROI. We then refit the pRF parameters (f0 and σ) for all voxels within the auditory

cortex ROI, using these individually fitted HRF parameters. After finding the best fitting

values of f0 and σ, we used linear regression to find the amplitude value, a, that minimized
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the root mean square error between predicted and obtained time courses.

After fitting, only voxels that met the following criteria were retained for further analysis:

(1) the correlation between the observed fMRI time course and the time course predicted

by the best-fitting pRF (our goodness-of-fit index) was > 0.20; (2) the center (f0) of the

best fitting pRF fell within the range of tested values (44–16,000 Hz for the static stimulus;

and 50–6324 Hz for the motion stimulus); and (3) the SD (σ) of the best fitting pRF was

> 0.1 log10 units and < 2 log10 units. For comparison, the presented frequencies in the static

condition were separated by 0.15 log10 units, and each motion band center was separated

by 0.25 log10 units. (4) Because amplitude values were positively skewed, we identified

pRF fits with outlying amplitude values nonparametrically. We excluded voxels where the

amplitude of the best fitting pRF did not fall between (Q1− 3× IQR) and (Q3+3× IQR),

where Q1, and Q3 refer to the first and third quartiles, and IQR is the interquartile range.

Within PAC, acceptable amplitudes fell between 0 and 6.1414 (6.8945% of voxels excluded).

Within secondary cortex, acceptable amplitudes fell between 0 and 5.4163 (3.2319% voxels

excluded).

3.2.9 Statistical Analyses

Estimating pRF Fit Significance

pRF model fits were compared against a null model created using a randomized stimulus

representation. In the case of the static stimulus, to preserve the temporal structure within

individual stimulus blocks, we randomized the stimulus block order while retaining the as-

cending or descending series structure within each block. For each permutation, we calculated

the false discovery rate based on r > 0.2, µ, σ, and a within acceptable ranges, as described

in Materials and Methods. False discovery rates were calculated based on 100 permutations.

Within auditory cortex, collapsed across all subjects and datasets; this stimulus-label per-

mutation generated a mean false discovery rate of 11.2617% for a correlation threshold of

r > 0.2. This threshold excluded voxel responses that were clearly noise.
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Group Differences

Group differences were assessed using multifactor ANOVA using MATLAB and the Statistics

Toolbox (Release 2016a). Datasets (UW static, UW motion, Oxford motion), group (blind vs

sighted), and hemisphere (when included) were treated as independent variables. In all cases,

we tested for the normality of the residuals with visual inspection and the Shapiro–Wilk test

for normality.

For ANOVAs containing all three datasets, we first performed exploratory analyses using

the 4 early blind and 2 sighted subjects who participated in both the static and the motion

conditions as separate subjects. We then confirmed that the presence of these repeated

subjects was not statistically critical by performing separate ANOVAs on the motion datasets

only (which contained no repeated subjects). The results for the motion dataset only analyses

are reported whenever they differed from those obtained using all three datasets.

Comparisons of pRF frequency distributions of across groups were performed using a

bootstrapping procedure, based on the χ2 test of independence. This test compares the

obtained frequency distributions for each group with those that would be obtained if the fre-

quency distribution were independent of group assignment. Significance values were obtained

by comparing the real χ2 values with those obtained by bootstrapping simulated distribu-

tions, created using random assignment of subjects across the two groups (1000 simulations).

Comparison across Datasets

To minimize site-based differences, an individualized HRF was estimated for each subject

before pRF fitting, as described above (Thomas et al., 2015). pRF model estimates of tuning

parameters f0 and σ are expected to be reasonably robust to differences in SNR associated

with collecting data at both Oxford and UW. Amplitude values, a would be expected to

differ significantly across different protocols (motion vs static), MR imaging protocols or

site.

Differences between motion and static stimuli could also potentially influence estimates of
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f0 and σ. For the motion stimulus, we used a more restricted stimulus set that spanned seven

frequency bands, within a range of frequencies for which interaural time difference cues are

equally strongly effective, so pRF estimates of f0 could only reliably be estimated within a

smaller frequency range. The reduced frequency range of the motion stimulus would also be

expected to increase uncertainty in the estimate of σ, especially for smaller values. Finally,

it is possible that interactions between motion sensitivity and frequency tuning could alter

pRF estimates across the two stimuli due to recruitment of different neuronal populations.

3.3 Results

Figure 3.1 shows tonotopic maps in auditory cortex for 4 example subjects. Tonotopic

organization did not differ significantly across datasets: for subjects who participated in

both UW motion and UW static scans the mean voxelwise cross-correlation (Pearson’s r)

between the two datasets was 0.7457 in PAC and 0.4874 in secondary AC, values similar to

previous studies examining replicability across different stimulus and acquisition protocols

on the same UW scanner (Thomas et al., 2015).

3.3.1 Auditory Cortex Size

As described in the Introduction, previous MEG results have suggested that early blindness

may result in a 1.8-fold expansion of early auditory areas (Elbert et al., 2002), although

a reduction in the number of frequency selective voxels in auditory cortex has also been

reported (Stevens & Weaver, 2009).

We began by examining PAC size by using all the voxels within the hand-drawn PAC

ROI as our dependent measure. Group differences were assessed using an ANOVA with

dataset, hemisphere, and blindness as fixed effects and the number of voxels within PAC as

the dependent measure. This revealed an effect of dataset (F (2, 48) = 17.45, p < 0.0001),

but no effect of blindness (F (1, 48) = 0.86, p = 0.3579), or hemisphere (F (1, 48) = 0.02, p =

0.878). There was a significant interaction between blindness and dataset (F (2, 48) = 3.71,

p = 0.0319). A post hoc Tukey–Kramer test showed that the UW static dataset resulted
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Figure 3.1: Tonotopic maps in auditory cortex. pRF frequency estimates (for successfully fitted

voxels, see Materials and Methods) are shown for the left hemisphere for 2 sighted subjects (A,

B), and example individuals who were early blind (C) or anophthalmic (D). Maps are shown for

both the static (A, C) and the motion (B, D) stimulus. Black dashed line indicates the estimated

boundary of PAC for each subject. Black dotted line indicates the location of Heschl’s gyrus. To

maximize visual similarity, given that the motion stimulus had a smaller frequency range (100–3162

Hz) than the static stimulus (88–8000 Hz), the color map is restricted to the frequency range of the

motion stimulus.
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in a significantly larger definition of PAC than both the UW motion and Oxford motion

datasets. This might be due to a difference in scanner quality, voxel acquisition size, and/or

stimuli (e.g., the wider frequency range). No other interactions were significant.

We also assessed group differences in the number of voxels which were successfully fit

in PAC and secondary auditory areas (r > 0.2, µ, σ, and a within acceptable ranges, as

described in Materials and Methods). In the early blind/anophthalmic group, the mean

number of successfully fit voxels in the UW static, UW motion, and Oxford motion conditions

were 191, 208.25, and 52.8, respectively. In the control group, the mean number of voxels

were 147.75, 167.5, and 113.33, respectively. We found no evidence for an effect of blindness

on the number of frequency-tuned voxels within either PAC or secondary auditory areas.

Within PAC, we once again found an effect of dataset (F (2, 48) = 9.97, p = 0.0002), but

no effect of blindness (F (1, 48) = 0.13, p = 0.7241) or hemisphere (F (1, 48) = 0.11, p =

0.7461). No other interactions were significant. Within secondary auditory areas, we found

an effect of dataset (F (2, 48) = 7.06, p = 0.002), but no effect of blindness (F (1, 48) = 0.46,

p = 0.5021) or hemisphere (F (1, 48) = 0.19, p = 0.6681). No interactions were significant.

For both PAC and secondary auditory areas, post hoc Tukey–Kramer tests suggested that

the effect of dataset was driven by a smaller number of voxels within PAC passing threshold

for Oxford anophthalmic individuals. This was likely due to an interaction between reduced

signal-to-noise in the Oxford dataset (due to the smaller acquisition voxel size) and lower

pRF amplitudes in blind individuals, see below.

3.3.2 HRFs

A wide variety of studies have found metabolic differences in occipital cortex between early

blind and sighted individuals (Coullon et al., 2015; De Volder et al., 1997; Veraart et al.,

1990; Wanet-Defalque et al., 1988; Weaver et al., 2013). To examine potential differences in

auditory cortex hemodynamics across blind and sighted subjects, we performed a mixed-

design ANOVA with dataset and blindness as fixed effects and the time-to-peak of the

estimated HRF as the dependent measure. We found no main effect of dataset (F (2, 24) =
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0.08, p = 0.9197), no effect of blindness (F (1, 24) = 0.21, p = 0.6479), and no significant

interactions on the time-to-peak of the hemodynamic function within the auditory cortex

ROI.

3.3.3 Response Amplitudes

As described in the Introduction, a number of studies report an attenuated response to pure

tone stimuli versus silence in the temporal lobe of blind individuals (Gougoux et al., 2009;

Stevens & Weaver, 2009; Watkins et al., 2013) when comparing responses with pure tones

versus silence (GLM: sound versus silence).

As shown in Figure 3.2A, C, we find that early blind and anophthalmic participants

have significantly smaller β weights than sighted subjects, within both PAC and secondary

auditory areas. Within PAC using a mixed-design ANOVA with dataset, hemisphere, and

blindness as fixed effects and the GLM response to sound versus silence as the dependent

measure, we found no main effect of dataset (F (2, 48) = 1.56, p = 0.2197), an effect of

blindness (F (1, 48) = 5.63, p = 0.0218), no effect of hemisphere (F (1, 48) = 0.01, p =

0.9366), and no significant interactions. Within secondary auditory cortical areas, we found

no main effect of dataset (F (2, 48) = 0.92, p = 0.4039), a marginally significant effect of

blindness (F (1, 48) = 3.66, p = 0.0618), no effect of hemisphere (F (1, 48) = 0.05, p = 0.824),

and no significant interactions.

3.3.4 pRF Model Response Amplitudes

One concern is that β weights for pure tones versus silence might potentially reflect narrower

tuning (as found for our blind individuals, see below) rather than reduced responsiveness;

narrower tuning would be expected to result in a smaller region of cortex responding to any

given narrowband stimulus, thereby reducing measured activation in a GLM model. An

advantage of our pRF approach is that it separately represents tuning width and response

amplitude. As shown in Figure 3.2B, D, pRF response amplitudes are smaller in blind versus

sighted subjects within both PAC and secondary auditory cortex. Group differences in pRF
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Figure 3.2: Response amplitudes in auditory areas. Blue represents Oxford motion results. Green

represents UW motion results. Red represents UW static results. Square and circular symbols

represent left and right hemispheres, respectively. (A) PAC GLM results. x and y axes represent

mean blind and sighted subject β weights, respectively. (B) PAC pRF results. x and y axes represent

mean blind and sighted subject pRF amplitudes, respectively. (C, D) Secondary auditory cortex

GLM and pRF results. Error bars indicate single SEM .
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amplitudes were assessed using an ANOVA with dataset, hemisphere, and blindness as fixed

effects and pRF amplitude as the dependent measure. Within PAC, this revealed a main

effect of dataset (F (2, 46) = 3.92, p = 0.0268), an effect of blindness (F (1, 46) = 12.8,

p = 0.0008), no effect of hemisphere (F (1, 46) = 0.11, p = 0.7468), and no significant

interactions. A post hoc Tukey–Kramer test showed that the UW static dataset resulted in

a significantly smaller pRF response amplitudes than the Oxford motion dataset. This could

be due to a difference in scanner quality, voxel acquisition size, and/or stimuli.

Within secondary auditory areas, we found no main effect of dataset (F (2, 46) = 1.62,

p = 0.2098), an effect of blindness (F (1, 46) = 12.33, p = 0.001), no effect of hemisphere

(F (1, 46) = 0, p = 0.9544), and no significant interactions.

3.3.5 Frequency Distributions

The distribution of frequency preferences within PAC and secondary AC across early blind

(red) and sighted subjects (gray) is shown in Figure 3.3. For each dataset, a bootstrapped χ2

test of independence was used to examine the relation between blindness and the number of

voxels in each frequency bin (6 bins for the motion datasets, 13 bins for the static dataset),

by assigning subjects randomly across groups. Using this analysis, within PAC, we saw no

effect of blindness on the distribution of frequency preferences for any of the three datasets:

Oxford motion, χ2(6, N = 14) = 77.3865, p = 0.2710; UW motion, χ2(6, N = 8) = 57.6207,

p = 0.3330; and UW static, χ2(13, N = 8) = 117.6774, p = 0.3070. Within secondary

AC, we similarly found no effect of blindness on the distribution of frequency preferences:

Oxford motion, χ2(6, N = 14) = 87.5279, p = 0.2110; UW motion, χ2(6, N = 8) = 75.7219,

p = 0.3590; and UW static, χ2(13, N = 8) = 93.8221, p = 0.1870.

Previous work comparing scanner sequences that differed in their acoustic properties

suggests that, although acoustic scanner noise does not result in noticeable systematic mis-

estimation of frequency values near the peak of the scanner noise, it may reduce the number

voxels that are successfully fit by the pRF model, thereby biasing the frequency distribu-

tions (Thomas et al., 2015). We therefore performed an additional post hoc χ2 analysis of
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Figure 3.3: The proportion of voxels successfully fit using the pRF model by frequency, based on

half-octave bins (6 bins for the motion datasets, 13 bins for the static dataset). Red represents

blind subjects. Gray represents sighted subjects. (A–C) Probability distributions within PAC.

(D–F) Probability distributions within secondary auditory areas. (A, D) Dotted lines indicate the

frequency range that was shared across motion and static datasets.
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independence examining whether the number of voxels falling inside or outside the 350–2000

Hz frequency range associated with masking by acoustic noise in the scanner was affected by

blindness. Within PAC, we saw an effect of blindness only for the UW static dataset: Ox-

ford motion, χ2(1, N = 1284) = 0.5618, p = 0.4535; UW motion, χ2(1, N = 1503) = 2.0701,

p = 0.1502; and UW static, χ2(1, N = 1355) = 73.1261, p = 0.0000. Within secondary AC,

we found an effect of blindness for all three datasets: Oxford motion, χ2(1, N = 2062) =

11.3067, p = 0.0008; UW motion, χ2(1, N = 2257) = 12.6840, p = 0.0004; and UW static,

χ2(1, N = 1898) = 10.8173, p = 0.0010. This result might reflect a differential sensitiv-

ity to masking effects from scanner noise across blind and sighted populations. However,

given that this effect was more consistently observed in secondary AC, it might also reflect

a distribution of frequency preferences in blind subjects that is less heavily clustered toward

frequencies in the 250–3000 Hz range (see Discussion).

3.3.6 Tuning Width

Tuning width for each voxel was characterized with Q as given by the following formula:

Q =
f0

FWHM
(3.1)

where the FWHM is the estimated Gaussian profile from the pRF model in frequency

space. Figure 3.4 shows Q on the cortical surface in the same example subjects as shown in

Figure 3.1.

To examine differences in tuning width across blind and sighted subjects, we performed

an ANOVA with dataset, blindness, and hemisphere as fixed effects and Q value as the

dependent measure. This was done using all successfully fitted voxels for both PAC and

auditory cortex.

Within PAC, we found a main effect of dataset (F (2, 46) = 27.28, p < 0.0001), an

effect of blindness (F (1, 46) = 8.1, p = 0.0066), no effect of hemisphere (F (1, 46) = 0.56,

p = 0.4569), and no significant interactions. A post hoc analysis showed that blindness
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Figure 3.4: Tuning width maps in auditory cortex. Q estimates (for successfully fitted voxels, see

Materials and Methods) are shown for the left hemisphere for 2 sighted subjects (A, B), and example

individuals who are early blind (C) and anophthalmic (D). Maps are shown for both the static (A,

C) and the motion (B, D) stimulus. Black dashed line indicates the estimated anterior/posterior

boundary of PAC for each subject. Black markers represent the location of Heschl’s gyrus.
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resulted in significantly larger Q values (narrower tuning; Figure 3.5).

Within secondary auditory areas, we found a main effect of dataset (F (2, 44) = 29.19,

p < 0.0001), no effect of blindness (F (1, 44) = 3.55, p = 0.066), no effect of hemisphere

(F (1, 44) = 1.12, p = 0.2954), and no significant interactions. The larger Q size in anoph-

thalmic subjects for the Oxford motion stimulus was marginally significant in either PAC

and was nonsignificant in secondary auditory cortices, but may reflect a population difference

that our sample size was too small to reveal.

For both PAC and secondary auditory cortical areas, post hoc Tukey–Kramer tests

showed that the Oxford motion dataset resulted in significantly larger Q values than ei-

ther of the other two datasets, as can be seen in Figure 3.5 This is likely due to the smaller

acquisition voxel size in this dataset because a smaller voxel presumably reflects a more

homogeneous neural population of tuning preferences (Dumoulin & Wandell, 2008).

Visual inspection and statistical analyses did not reveal any consistent relationship be-

tween tuning width (Q values) and frequency that was reliable across datasets, or reliably

different across blind and sighted subjects.

Estimated population tuning widths are presumably influenced both by the breadth of

underlying individual neural tuning curves and by the dispersion of frequency preferences

within each voxel. For each voxel, we estimated “frequency dispersion” as the median dif-

ference in center frequency between that voxel and all adjacent voxels, normalized by the

Euclidean distance in millimeters between the voxels on the cortical surface. Group differ-

ences were assessed using an ANOVA with dataset, hemisphere, and blindness as fixed effects

and dispersion within PAC as the dependent measure. Within PAC, we found a main effect of

dataset (F (2, 45) = 71.73, p < 0.0001), an effect of blindness (F (1, 45) = 5.79, p = 0.0203),

no effect of hemisphere (F (1, 45) = 0.21, p = 0.6527), and a significant interaction between

dataset and blindness (F (2, 45) = 3.43, p = 0.0411). No other interactions were significant.

Within secondary auditory areas, we found a main effect of dataset (F (2, 46) = 101.38,

p < 0.0001), no effect of blindness (F (1, 46) = 0.39, p = 0.5353), no effect of hemisphere

(F (1, 46) = 0.01, p = 0.9046), and no significant interactions.
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Figure 3.5: Mean pRF tuning width for each dataset within PAC (A–C) and secondary auditory

cortex (D–F) for left (LH) and right (RH) hemispheres. Mean pRF size was calculated for each

subject. Symbols represent group means with single SEMs calculated across subjects.



53

Finally, we examined whether differences in Q within PAC could be explained by dif-

ferences in frequency dispersion using multivariate linear regression with dataset, hemi-

sphere, frequency dispersion, and blindness as fixed effects and Q as the dependent mea-

sure. As might be expected, frequency dispersion was a strong predictor of Q (b = −1.5799,

p < 0.0001), with high dispersion values predicting low Q values. However, we still found sig-

nificantly higher Q values in blind individuals (b = 0.1446, p < 0.0001), even after including

frequency dispersion as an independent factor.

3.4 Discussion

Here we examined whether blindness early in life alters the representation of frequency

information within auditory cortex. Using an adaptation of the population receptive field

model, we were able to disentangle voxel level tuning widths from response amplitudes. We

find evidence that early blindness results in narrower bandwidths, reduced pRF amplitudes,

and may alter the distribution of frequency preferences within auditory cortex. We did not

see any effect of blindness on the size or the hemodynamic responsivity of PAC and secondary

AC.

3.4.1 Auditory Cortex Size

Here, we failed to find evidence for an expanded tonotopic representation of PAC or secondary

auditory areas as suggested by previous MEG data (Elbert et al., 2002). One possibility is

that the apparent increase in source separation of high and low frequencies in early blind

subjects that was noted previously by Elbert et al. (2002) was driven by differences in

tuning bandwidth. Broader bandwidths in sighted subjects would be expected to result in

a correspondingly larger cortical area of activation for any given auditory frequency. This

might, in turn, have reduced the apparent source separation of high and low frequencies

(Josef Golubic et al., 2011). Moreover, the known variability in cortical folding within

Heschl’s gyrus (Da Costa et al., 2011) would be expected to complicate estimates of PAC

size, especially given that dipole estimates in the study by Elbert et al. (2002) were based
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on a best fitting local sphere rather than individual anatomies. However, it remains possible

that a future study with a larger sample might reveal subtle differences in the structure of

PAC and/or secondary AC. Indeed, Atilgan et al. (2017) recently reported reduced surface

area in subregions of secondary auditory cortex for congenitally blind subjects, along with

evidence for greater bilateral similarity between cortical thickness and surface area in both

early and late blind subjects throughout the entire superior temporal plane.

3.4.2 Response Amplitudes

A number of previous studies have reported an attenuated response to pure tone stimuli

versus silence in the temporal lobe of blind individuals (Gougoux et al., 2009; Stevens &

Weaver, 2009; Watkins et al., 2013) when comparing responses to pure tones versus silence.

Reduced responses have been interpreted as reduced participation in auditory processing,

perhaps due to increased “efficiency” of processing within the intact modality or due to

function being “usurped” by a reorganized occipital cortex (Dormal et al., 2015; Jiang et

al., 2014). One concern is that these previous results might have reflected narrower tuning

rather than reduced responsiveness because narrower tuning would be expected to result in

a smaller of region of cortex responding to any given narrowband stimulus, which would

reduce the measured activation in a sound versus silence GLM. If blind individuals have

neurons that are more narrowly tuned for more complex spectrotemporal modulations (more

specialized “feature detectors”), this would reduce the population response to any given pure

tone or bandpass stimulus. It is known that secondary auditory areas contain neurons

that have multidimensional tuning that reflect complex spatiotemporal properties of the

stimulus (Allen et al., 2018; De Angelis et al., 2018; Moerel et al., 2013, 2018; Santoro et

al., 2014, 2017; Schönwiesner & Zatorre, 2009), and previous work suggests an increase in

the proportion of spatially tuned cells within anterior auditory association areas in visually

deprived cats (Korte & Rauschecker, 1993). An advantage of our pRF approach is that

it allows an independent representation tuning width and response amplitude. Here, we

replicated previous findings showing reduced β weights, and similarly found reduced pRF
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amplitudes as a result of early blindness. We then separately examined frequency tuning

bandwidth in each group, as described below.

3.4.3 Frequency Distributions

Previous work in monkeys has shown that frequency representations within PAC can be

altered by experience (Recanzone et al., 1992, 1993), with a shift toward trained frequencies.

Given that blind subjects rely on auditory frequency for a wider range of tasks than sighted

individuals, we thought it possible that we might see a difference in frequency representations

across the two groups. In our initial analysis, we did not see evidence for an alteration in the

distribution of frequency preferences as a result of blindness within either PAC or secondary

auditory areas. However, a post hoc analysis revealed fewer voxels falling in the 350–2000 Hz

range within PAC for the UW static dataset, and for all three datasets within secondary AC.

This result might reflect a differential sensitivity to masking effects of acoustic scanner noise

across blind and sighted populations. However, given that this effect was more consistently

observed in secondary AC, it might also reflect a distribution of frequency preferences in

blind subjects that is less heavily clustered toward frequencies that fall in the 250–3000

Hz range, perhaps driven by the use of auditory cues with broad spectral content, such as

acoustic echoes produced by mouth sounds or a cane (Norman & Thaler, 2017).

3.4.4 Tuning Width

Blind individuals had significantly narrower voxelwise tuning for auditory frequency within

both left and right PAC. We do not believe that the narrowing in pRF tuning width within

PAC that we observed in blind individuals was due to differences in the gradient of preferred

frequency across the cortical surface. As described above, both PAC/auditory cortex size

and the dispersion of frequencies within PAC were similar across both subject groups, and

visual inspection revealed no systematic gradient differences. Nor, given the similarity in

the measured hemodynamic responses between our subject groups, do we believe that these

differences are due to group differences in hemodynamic coupling. It seems more likely
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that our PAC results either reflect (1) a narrowing in the tuning bandwidth of individual

neurons or (2) a more refined local organization, such as a reduction in the amount of scatter

in frequency preference across a scale of < 3 mm. Consistent with the notion that these

differences might reflect differences in neural tuning within individual neurons, Petrus et al.

(2014) have shown that adult-onset visual deprivation over 6–8 d sharpens the frequency

tuning of individual neurons within A1 in the mouse. Moreover, the same brief period of

visual deprivation leads to more refined interlaminar connections (Meng et al., 2015, 2017),

highlighting the capability for rapid remodeling of auditory frequency representations, even

after the closure of the canonical critical period.

We did not see differences is tuning bandwidth within secondary AC as a result of early

blindness. However, we used relatively simple stimuli and a simple Gaussian pRF model,

and these areas are known to have complex spectrotemporal tuning functions (Barton et al.,

2012; Moerel et al., 2013, 2014, 2018; Santoro et al., 2014, 2017; Schönwiesner & Zatorre,

2009). Future work, using more naturalistic stimuli and more complex analysis models, will

be important for more fully characterizing the effects of blindness on auditory tuning in these

secondary areas.

In conclusion, here we provide some of the first evidence for systematic changes in neural

tuning within human auditory cortex as a result of blindness. It remains to be seen whether

the changes described here reflect a developmental adaptation to early blindness, the on-

going effects of visual deprivation, and/or differential auditory demands that result from

being blind. Future work could examine these questions by addressing whether adult-onset

blindness, short-term visual deprivation, and/or auditory training can alter frequency tuning

within auditory cortex, and whether, in adult sight-recovery subjects, the effects of long-term

visual deprivation on auditory cortex are reversed with the reinstatement of vision.
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Chapter 4

OPTIMIZING RELIABILITY AND MEASUREMENT OF
POPULATION RECEPTIVE FIELDS IN HUMAN VISUAL

CORTEX

4.1 Introduction

A fundamental component of vision research using functional magnetic resonance imaging

(fMRI) is the investigation of functional organization within visual cortex known as retino-

topic organization. In the last two decades, population receptive field (pRF) mapping (Du-

moulin & Wandell, 2008) has emerged as the leading retinotopic mapping technique. Using

the pRF method, it has become possible to estimate individual retinotopic maps of pRF

location and size.

The pRF model has seen numerous applications in research such as examining spatial

attention dynamics (Kay et al., 2015; B. P. Klein et al., 2014; Sprague & Serences, 2013),

changes due to neural plasticity (Baseler et al., 2011; Haak et al., 2012; Huber, Chang, et al.,

2019), and assessing clinical diagnoses (Brewer & Barton, 2012; Schwarzkopf et al., 2014).

The pRF method has become a useful tool because pRF estimates can be used to make

inferences about the mapping between neuronal computation and the physical world. For

the applications of the pRF model to be meaningful, we rely on the accuracy and stability

of the pRF model estimates.

Previous work has investigated the stability of pRF estimates and shown that pRF lo-

cation estimates are highly stable (Benson et al., 2018; Senden et al., 2014; van Dijk et al.,

2016; Zeidman et al., 2018). However, pRF size estimates were shown to be less stable un-

der different retinotopic mapping conditions, such as stimulus configurations (Alvarez et al.,

2015; Binda et al., 2013; Infanti & Schwarzkopf, 2020; Linhardt et al., 2021) and model
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fitting procedures (Lage-Castellanos et al., 2020; Zeidman et al., 2018).

There are two major hypotheses as to why the instability occurs for pRF size estimates.

The first hypothesis supposes that the spatio-temporal properties of the mapping stimulus

introduce nonlinearities into the fMRI signal that the pRF model is unable to account for,

such as top-down influences (Binda et al., 2013; Infanti & Schwarzkopf, 2020; Senden et al.,

2014). Under this logic, studies approached this issue by designing stimulus protocols that

were spatio-temporally independent (Binda et al., 2013) or preferred randomized presentation

sequences (Senden et al., 2014). A recent investigation by Infanti and Schwarzkopf (2020)

revealed that spatio-temporal properties did influence pRF size estimates, but mostly due

to the stimulation cycle duration rather than stimulus configuration.

The second hypothesis supposes that the relationship between pRF size, cortical magni-

fication factor (CMF), and eccentricity, influences pRF size estimate stability (Alvarez et al.,

2015; Linhardt et al., 2021). Cortical magnification is an organizational principle of visual

cortex under which many neurons with small receptive fields are devoted to representing cen-

tral vision and fewer neurons with larger receptive fields represent peripheral vision (Hubel

& Wiesel, 1962, 1974). The relationship between CMF and eccentricity has been described

as a logarithmic decay (Daniel & Whitteridge, 1961; Horton & Hoyt, 1991; Sereno et al.,

1995) and the relationship between pRF size and eccentricity can be described as a linear

increase (Dumoulin & Wandell, 2008). Both pRF size and CMF can be measured in humans

with the pRF method (Clavagnier et al., 2015; Harvey & Dumoulin, 2011).

From these relationships, it could be inferred that smaller pRFs should have a different

optimal stimulation pattern than larger pRFs. For example, within V1 there are pRFs that

range from 0.25◦ to 1◦ in radius, which converts to a factor of 16 difference in covered

area. Therefore, the amount and duration of stimulation required to elicit a stable fMRI

response from a smaller pRF should be a scaled version of a stimulus that would evoke a

similar response from a larger pRF. Under this logic, most pRF studies that used traditional

retinotopic mapping stimuli with a fixed size would produce uneven stimulation across the

visual field, resulting in unstable pRF estimates that are biased towards receptive field sizes
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optimally matching the chosen stimulus size.

This logic could also explain why it has been difficult to estimate pRFs from foveal regions

of interest. While it is possible to estimate pRFs that represent foveal vision, the pRF

estimates located in foveal regions are often unreliable and have poor model fits (Linhardt

et al., 2021; Schira et al., 2007). Given that the fovea is overrepresented in human primary

visual cortex (Azzopardi & Cowey, 1993), if CMF is not accounted for, it is likely that a

disproportionate number of larger pRFs would be overrepresented in successfully estimated

pRFs due to poor signal from smaller pRFs.

One method used to address the relationship between pRF size, CMF, and eccentricity

has been to combine stimulus configurations where each stimulus type is optimized for either

smaller or larger pRFs (Benson et al., 2018; Linhardt et al., 2021). This method has shown

success for estimating smaller pRFs, especially for central vision. However, it comes with a

trade-off with acquisition time because of the additional run time to acquire multiple stimulus

configurations. Another method has been to design stimuli scaled to match CMF. Previously

explored CMF-scaled stimuli consist of a multifocal stimulus (Binda et al., 2013), combined

wedge and ring stimuli, and logarithmically-scaled bar stimuli (Alvarez et al., 2015).

A multifocal stimulus chunks the visual field into sectors along the polar angle and CMF-

scaled eccentricity steps and uses a m-sequence to determine which sectors are simultaneously

presented to minimize spatio-temporal correlations (Binda et al., 2013; Vanni et al., 2005).

The multifocal stimulus was able to produce smaller pRF estimates than a fixed size drift-

ing bar stimulus but showed reduced goodness-of-fit for model performance. A multifocal

stimulus also required longer presentation durations per stimulus frame to maximize signal-

to-noise (SNR) which increased acquisition time. Alvarez et al. (2015) tested two CMF-scaled

stimuli: (1) combined wedge and ring and (2) a logarithmically-scaled bar stimulus. The

first stimulus type presented a rotating wedge and expanding/contract ring simultaneously

rather than across separate runs. The second stimulus type presented a logarithmic bar that

changed its width as a function of eccentricity. Only the logarithmic bar was able to produce

smaller pRFs than the fixed size drifting bar stimulus across multiple visual areas, but it
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also suffered from lack of goodness-of-fit for model performance. The authors scaled their

logarithmic bar to mimic CMF, but the implementation scaled the entire bar width based

on the bar’s center eccentricity location. This choice meant that the portion of the stimulus

that extended into the periphery was adjusted to match scaling for a location in the center

of vision, which could explain the poor model fits.

I hypothesize that CMF has a significant influence on pRF size estimate stability. To

test this hypothesis, pRF estimates in human early visual cortex are compared during the

presentation of a fixed size drifting bar stimulus and a novel, logarithmically-distorted drifting

bar stimulus. The distorted bar developed for this study warps the entire bar as a logarithmic

function of eccentricity. This stimulus combined the best aspects of previously used stimulus

configurations: (1) better model accuracy and reliability, like a drifting bar stimulus and

(2) smaller pRF size estimates, like other CMF-scaled stimuli. Below, I present evidence

that the fixed size drifting bar stimulus resulted in a systemic bias towards larger pRF

sizes. The logarithmically-distorted bar produced more reliable pRF estimates as well as

smaller pRF size estimates. These differences were especially prominent in regions of cortex

that represented central vision across all visual areas. These results support the influence

of cortical magnification on the fMRI response and pRF size estimate stability, as well as

present an advancement towards an optimal pRF mapping procedure from which pRFs can

be reliability measured.

4.2 Methods

4.2.1 Subjects

Retinotopic datasets were acquired for a total for 12 subjects (6 females, 6 males), ages

20 – 38 (M = 28.67, SD = 5.66). MRI data were acquired on a Siemens 3T Prisma

with a 64-channel phase-array head coil at the University of Washington Center for Human

Neuroscience (CHN). All subjects participated in 2 one-hour sessions of scanning within

1-2 weeks between each session. All participants had normal or corrected-to-normal visual
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acuity.

4.2.2 MRI Acquisition

The protocol included a 3D multi-echo volumetric navigator guided T1-weighted (T1w) and

T2-weighted (T2w) images acquired at 0.8 mm3 isotropic resolution (FOV = 166.4× 240×

256 mm3, matrix size = 208× 300× 320; Tisdall et al., 2012).

BOLD data was acquired using a T2*-weighted 2 mm3 isotropic multiband gradient-

echo (multiband acceleration = 4), echo-planar imaging sequences (TR/TE = 1200/30 ms,

flip angle = 64◦ FOV = 212 × 212, matrix size = 106 × 106, 56 oblique axial slices). Each

run collected 305 volumes (approximately 6.1 minutes) and subjects participated for a total

of 12 runs with 6 runs per stimulus condition across two sessions. Additionally, a pair of

opposite phase-encoded EPI references were acquired for each session.

4.2.3 Preprocessing

The dataset was processed using the fMRIPrep-21.0.1 pipeline (Esteban et al., 2019). The

T1w image was corrected for intensity non-uniformity (INU) with N4BiasFieldCorrection

(Tustison et al., 2010), distributed with ANTs 2.3.3 (Avants et al., 2008), and used as T1w-

reference throughout the workflow. The T1w-reference was then skull-stripped with a Nipype

implementation of the antsBrainExtraction.sh workflow (from ANTs), using OASIS30ANTs

as target template. Brain tissue segmentation of cerebrospinal fluid (CSF), white-matter

(WM) and gray-matter (GM) was performed on the brain-extracted T1w using FSL’s fast

segmentation tool (Zhang et al., 2001). Brain surfaces were reconstructed using FreeSurfer

recon-all (Dale et al., 1999), and the brain mask estimated previously was refined with a cus-

tom variation of the method to reconcile ANTs-derived and FreeSurfer-derived segmentations

of the cortical gray-matter of Mindboggle (A. Klein et al., 2017).

A B0-nonuniformity map (or fieldmap) was estimated based on two (or more) echo-planar

imaging (EPI) references with topup from FSL (Andersson et al., 2003). A fieldmap was
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estimated for each session and the correction was applied to all functional data within the

collected session.

Head-motion parameters with respect to the BOLD reference were estimated before any

spatiotemporal filtering using mcflirt (Jenkinson et al., 2002) and were expanded with the

inclusion of temporal derivatives and quadratic terms for each parameter (Satterthwaite et

al., 2013). The estimated fieldmap was then aligned with rigid-registration to the target EPI

(echo-planar imaging) reference run. The field coefficients were mapped on to the reference

EPI using the same transform. BOLD runs were slice-time corrected to 0.549 s (0.5 of

slice acquisition range 0 s - 1.1 s) using 3dTshift from AFNI (Cox & Hyde, 1997). The

BOLD reference was then co-registered to the T1w reference using bbregister (FreeSurfer)

which implements boundary-based registration (Greve & Fischl, 2009). Co-registration was

configured as a rigid-body transformation with six degrees of freedom. The BOLD time-

series was then resampled onto subject-specific surface space in a non-gridded resampling

performed using mri_vol2surf (FreeSurfer).

A set of physiological regressors were extracted to allow for component-based noise cor-

rection (CompCor; Behzadi et al., 2007). Principal components are estimated after high-pass

filtering the preprocessed BOLD time-series (using a discrete cosine filter with 128 s cut-

off) for the anatomical variant (aCompCor). Probabilistic masks of the CSF and WM were

generated in anatomical space. The implementation differs from that of Behzadi et al. in

that instead of eroding the masks by 2 pixels on BOLD space, the aCompCor masks were

a mask of pixels that likely contain a volume fraction of GM. This mask is obtained by

dilating a GM mask extracted from the FreeSurfer’s aseg segmentation, and it ensures com-

ponents are not extracted from voxels containing a minimal fraction of GM. Finally, these

masks are resampled into BOLD space and binarized by thresholding at 0.99 (as in the orig-

inal implementation). Components are also calculated separately within the WM and CSF

masks.

All BOLD data underwent temporal high-pass filtering (Fourier GLM, cut-off: 3 cy-

cles) and were denoised with 24 head-motion parameters (rigid-body, temporal derivative,
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quadratic terms; Satterthwaite et al., 2013) and the first 5 aCompCor (WM + CSF) com-

ponents (Behzadi et al., 2007).

4.2.4 Stimuli

Retinotopic mapping stimuli were constructed with a slowly moving aperture containing an

8 Hz contrast reversing checkerboard texture. Apertures and textures were generated at a

resolution of 540×540 pixels and were constrained to the central 16◦ diameter circular region

of the display. The display was uniform gray outside the aperture.

Aperture Design

The experiment consisted of twelve functional runs where two different types of stimulus

apertures were presented (fixed-bar and log-bar, Figure 4.1). The stimulus completed 8

sweeps across the display within a run where each sweep started from a randomly chosen

direction. Each run began with a 2 s blank period, this was followed by 8 sweeps each lasting

45 s and ended with a 4 s blank period. This resulted in a total duration of 366 s per run.

Three randomly seeded runs of the fixed-bar stimulus were generated and then trans-

formed into the log-bar stimulus. Each session consisted of 3 runs of the fixed-bar stimulus

and 3 runs of the log-bar stimulus.

Fixed-bar Stimuli

We created a variation of the drifting bar from Dumoulin and Wandell (2008), called the

fixed-bar stimulus in this study. The fixed-bar stimulus was 2◦ in width and extended 16◦

within the apertured region of the display. The stimulus uniformly travelled at 0.4 ◦/s across

the display from a randomly determined starting direction.
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+ + + + + + + +

+ ++ + + + ++

Fixed-Bar

Log-Bar

time

Figure 4.1: Frames from the fixed-bar and log-bar stimuli presented to subjects. The log-bar stimuli

were produced by distorting the respective fixed-bar frame along the eccentricity axis as described in

Equation 4.1. Subjects were instructed to fixate on the central cross and report with a button-press

when the cross changed colors.

Log-bar stimuli

To create the logarithmically-distorted drifting bar (log-bar) stimuli, the fixed-bar stimulus

was distorted along its eccentricity axis, expressed as

rlog = c · log (1 + k · rfixed) (4.1)

where rlog is the eccentricity value of the log bar stimulus, c is a scalar to the distortion,

k is the distortion factor, and rfixed is the eccentricity value of the fixed bar stimulus. For

this experiment, k = 5 and c = raperature−ε

log(k·raperature) , where raperature = 8 was the maximum radial

eccentricity of the display and ε = 0.05 was an adjustment factor to ensure the log-bar

extended the full width of the aperture after distortion.

Experimental Design and Task

A small cross (“+”) was presented at the center of the display and was present continuously

throughout the experiment. The color of the cross switched from green to magenta on average

15 times per run, with a minimum switch delay of 3.2 s between each trial. Subjects were
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instructed to maintain fixation on the cross and to press a response button whenever the

color of the cross changed. The purpose of the task was to encourage fixation for the entire

duration of the scan.

Stimuli were presented on a BOLDscreen32 LCD monitor (Cambridge Research Systems,

Rochester, UK) monitor. The monitor operated at a resolution of 1920×1080 at 60 Hz with

a viewing distance of 133 cm. An Intel i7 MacMini running MATLAB R2022a (MathWorks

Inc., Natick, MA) controlled custom stimulus presentation code based on Psychtoolbox-3

(Brainard, 1997; Kleiner et al., 2007; Pelli, 1997). Behavioral responses were recorded using

a button box (Current Designs, Haverford, PA, USA).

4.2.5 pRF Analysis

ROI selection

Initial visual cortex region selection for pRF fitting was performed by aligning each subjects’

anatomical surface with Benson’s atlas of visual cortex using the neuropythy software (Ben-

son & Winawer, 2018). Afterwards, V1, V2, and V3 were extracted and dilated to ensure

the ROIs encompassed the edges of each visual area. This process created an early visual

cortex region of interest for each subject and hemisphere that was fed into the pRF fitting

process.

Benson’s atlas was used again after pRF fitting to fine-tune the visual area boundaries

with the inclusion of subject’s pRF information from all stimulus types and runs. Finally,

a manual examination and editing was performed to create V1, V2, and V3 ROIs for each

individual.

Additionally, an anatomical definition of the foveal confluence was drawn by dilating

a seed placed at the occipital pole to be at least 350 mm2 in surface area. This procedure

defined the foveal confluence ROI for each individual as a contiguous, circular patch centered

on the occipital pole.
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Stimulus Preprocessing

Prior to model fitting, we preprocessed the stimulus movies. The stimulus movies were

binarized for each stimulus frame, such that 0 s indicated the absence of the stimulus and

1 s indicated the presence of the stimulus at each pixel value. To reduce computational

burden, each frame was downsampled from 540 × 540 pixels to 108 × 108-pixel resolution.

Then, to match the temporal resolution of the fMRI data, the movies were downsampled to

366 frames. Model fitting was performed in units of degrees of visual angle.

Hemodynamic response function (HRF)

We modeled subjects’ hemodynamic response function with SPM’s gamma function (Friston

et al., 1998). The HRF is characterized by 6 parameters expressed as

h (t) =
βα1
1 tα1−1

∗ exp (−β1t∗)

Γ (α1)
− βα2

2 tα2−1
∗ exp (−β2t∗)

cΓ (α2)
, t∗ = t− δ (4.2)

where δ is the onset delay in seconds, α1 is the time to peak response in seconds, α2 is the

time to undershoot response in seconds, β1 is the response dispersion, β2 is the undershoot

dispersion, and c is the response-to-undershoot ratio. An HRF function was estimated for

each subject and their hemispheres. This estimation resulted in 12 subjects × 2 hemispheres

= 24 sets of HRF parameters (Appendix A.2).

pRF Model

Each vertex was modeled as an isometric 2-D Gaussian with 3 parameters of interest. The

model function was expressed as

G (x, y;µx, µy, σ) = exp

(
−

(
(x− µx)

2 + (y − µy)
2

2σ2

))
(4.3)

where µx and µy is the center of the 2-D Gaussian and σ is the standard deviation of the

2-D Gaussian. The parameters that represent the center of the 2-D gaussian, µx and µy, were
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transformed from cartesian coordinates to polar coordinates, polar angle and eccentricity,

after pRF estimation.

pRF Estimation

The pRF method states that the fMRI time series for each vertex is the linear sum of the

stimulus time series and the vertex’s pRF model convolved with the subject’s HRF. For each

vertex, the pRF model can be formally expressed as

r̂ (t) = S (x, y, t)G (x, y;µx, µy, σ)⊛ h (t) (4.4)

where r̂ (t) is the predicted fMRI time series, S (x, y, t) is the stimulus movie, G (x, y;µx, µy, σ)

is a 2-D Gaussian, and h (t) is the hemodynamic response function.

Using custom MATLAB software, pRF estimates for each vertex were determined to

be the values that maximized the correlation between the predicted and actual fMRI time

course. This can be formally stated as

arg max
µx,µy ,σ

corr (r (t) , r̂ (t)) (4.5)

where r (t) is the actual fMRI time course and r̂ (t) is the predicted time course (Equation

4.4). The pRF estimation yields four parameters of interest: pRF center location (µx, µy),

pRF size (σ), and amount of variance in the fMRI time series that is explained by the pRF

model prediction (R2).

Model Fitting

We conducted pRF model fitting in two stages. First, a coarse parameter grid-search was

performed with seeds for pRF centers (µx, µy) linearly sampled from −8◦ to 8◦ in 20 steps.

Seeds for pRF size (σ) were linearly spaced from 1 to 5 in 20 steps. The pRF size seeds were

chosen to be larger than expected because Lage-Castellanos et al. (2020) reported steeper

convergence gradients for pRF size when starting from larger values, irrespective of true pRF

size. A predicted time course was generated for each seed and correlated with the actual
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fMRI time course. The seed most correlated with the actual time course was chosen for the

initial starting parameters for the next stage.

Second, we estimated each subject’s HRF for each hemisphere by holding the pRF param-

eters from the grid-search fixed and fitting for the 6 HRF (δ, α1, α2, β1, β2, c) parameters.

Next, we held the HRF parameters constant and fit the pRF parameters. This process was

repeated for three iterations of HRF fitting to ensure parameters converge on a stable so-

lution. To limit computation time, the HRF estimation process was carried out on 15% of

the vertices that had variance explained that exceeded 20%. Median (across all vertices past

threshold) HRF parameters were used to provide an estimate of that individual’s HRF.

After subject HRFs were estimated, the final stage of pRF estimation was performed.

The best starting seed parameters were calculated from the coarse grid-search procedure

and then a nonlinear minimization routine (MATLAB’s fminsearch) was conducted to find

the final pRF estimates.

pRF estimates were fit separately for each stimulus type (fixed-bar and log-bar) and for

each session or collapsed across sessions (i.e., session 1, session 2, or together). This procedure

resulted in 12 subjects × 2 hemispheres × 2 stimulus types × 3 session configurations = 144

sets of pRF estimates.

After pRF fitting, the Cartesian coordinates of the pRF center (µx, µy) were transformed

into polar coordinates (polar angle and eccentricity). Only vertices with estimated pRF

centers that were less than 8◦ eccentricity (i.e., within the display), had a pRF size greater

than 0.05◦ , and exceeded 10% of the variance explained model were retained for subsequent

analyses.

4.2.6 pRF Size and Cortical Magnification Factor

pRF size estimates were obtained from the pRF model fitting procedure described above.

CMF was calculated for each vertex by dividing the local cortical distance by the local

change in pRF location (Clavagnier et al., 2015; Harvey & Dumoulin, 2011). At each vertex

along a subject’s reconstructed surface, local cortical distance (in mm) was calculated as the
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mean geodesic distance of neighbor vertices from the current vertex. Local pRF location

distance (in degrees) was calculated as the average distance of estimated pRF location of

the neighboring vertices from the current vertex. Only pRFs with fits that exceeded 10%

variance explained were included in the calculation.

We also define the relationship between pRF size, CMF, and eccentricity following the

procedures in Harvey and Dumoulin (2011). In brief, the relationship between pRF size and

eccentricity can be fit with the following equation:

y = ax+ b (4.6)

where y is pRF size, x is eccentricity, a is the slope, and b is the intercept. The relationship

between CMF and eccentricity can be fit with the following equation:

y =
1

cx+ d
(4.7)

where y is CMF, x is eccentricity, c is the shape of the decay, and d is the eccentricity

shift. The population point image (pPI) was defined as the pRF size multiplied with the

CMF. This can be formally expressed as the product of Equation 4.6 and 4.7 to be:

y =
ax+ b

cx+ d
(4.8)

where y is the population point image and x is eccentricity.

To compute the parameters for 4.6 and 4.7, eccentricity was discretized into 50 linearly

spaced bins from 0◦ to 8◦ and corresponding pRF sizes and CMF were averaged within each

eccentricity bin. Subject data was fit by minimizing the sum of squared error weighted by

the inverse of the standard error of the mean for each eccentricity bin.

4.2.7 pRF Model Simulations

To establish a ground-truth comparison for fixed-bar and log-bar stimulus performance, we

generated simulated pRFs based on Equation 4.4.
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First, we defined a unique set of 4800 pRF locations by sampling polar angle coordinates

from 0◦ to 345◦ directions in 15◦ steps and logarithmically sampling from 0.01◦ to 8◦ ec-

centricity in 200 steps. pRF size was determined by a linear relationship between a pRF’s

eccentricity value and pRF size. The formal definition is as follows: size = 0.15r+0.1, based

on Himmelberg et al. (2021).

fMRI time courses were then generated for each simulated pRF and for each stimulus

aperture type. Lastly, Gaussian noise was added to the simulated time courses to match

average variance explained of the collected fMRI dataset. The simulated time course was

then passed to the pRF fitting procedure and pRFs parameters were estimated for each

stimulus aperture separately. This process of fitting the simulated pRFs was repeated 12

times for each stimulus aperture. After the pRFs were estimated, the same thresholds from

the human data were also applied to the simulated pRF estimates.

4.2.8 Behavioral Analysis

The subjects’ responses to the color detection task were examined across 12 functional runs.

Performance was defined as

Performance =
nhit − nmiss

ntotal

· 100 (4.9)

where nhit is the number of successful color change detections (defined as a button press

within 1 s of a color change), nmiss indicates the number of additional responses without

a color change, and ntotal indicates the total number of color changes. Average behavioral

performance was 96.39% and the interquartile range (central 50%) of performance values

across subjects was [95.28%, 98.89%].
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4.3 Results

4.3.1 pRF Cortical Maps

We obtained pRF parameter estimates of polar angle, eccentricity, pRF size, and variance

explained for all subjects. Figure 4.2 shows example pRF parameter maps for the cortical

surface of a single subject, separately for each stimulus type.

4.3.2 pRF Estimate Reliability

We assessed the reliability of pRF estimates derived from each stimulus type to compare

model performance under different stimulation conditions. The data were split by stimulus

type and session, producing 4 sets of pRF estimates for each subject (2 stimulus types × 2

sessions) .

We quantified pRF estimate intersession reliability according to the procedures outlined in

van Dijk et al. (2016). In summary, the Spearman’s rank correlation coefficient was calculated

between pRF parameter estimates from session 1 and session 2 of the same stimulus type

vertex-by-vertex for eccentricity and pRF size. As polar angle is a circular statistic, we used

the circular correlation coefficient (Jammalamadaka & Sengupta, 2001, p. 176) to compute

reliability for polar angles estimates. Correlation coefficients were transformed into Fisher’s

z-scores (Fisher, 1915) to convert the non-normal correlation sampling distribution into a

standardized statistic.

Figure 4.3 and 4.4 shows the point density plots comparing the pRF estimate reliability of

all parameters (polar angle, eccentricity, and pRF size) for the fixed-bar and log-bar stimuli

within the foveal confluence, V1, V2, and V3.

We ran a mixed-effects ANOVA on the intersession reliability for each pRF parameter

(polar angle, eccentricity, and pRF size) as dependent variables, treating subject as a random-

effects variable, and hemisphere, stimulus aperture, and ROI as fixed-effect variables (see

Appendix B.1 for full results).

Figure 4.5 and Table 4.1 report the average intersession reliability for polar angle, eccen-
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tricity, pRF size for the fixed-bar and log-bar stimulus across all ROIs.

There was a main effect of stimulus type on polar angle (F (1, 165) = 32.0187, p <

0.0001), eccentricity (F (1, 165) = 15.0649, p = 0.0001), and pRF size (F (1, 165) = 106.2833,

p < 0.0001). A Tukey-Kramer analysis showed that polar angle, eccentricity, and pRF size

estimates were more reliable for the log-bar than the fixed-bar stimulus.

There was a main effect of ROI on polar angle (F (1, 165) = 146.2925, p < 0.0001),

eccentricity (F (1, 165) = 345.5603, p < 0.0001), and pRF size (F (1, 165) = 141.2880, p <

0.0001) estimate reliability. A Tukey-Kramer analysis revealed that the foveal confluence

ROI was consistently the least reliable for all parameters, relative to V1, V2, and V3.

There was an interaction effect of stimulus type and ROI for eccentricity (F (3, 165) =

9.3316, p < 0.0001) and pRF size (F (3, 165) = 0.6909, p < 0.0001) intersession reliability.

For eccentricity estimates, a Tukey-Kramer analysis showed that eccentricity intersession

reliability within the foveal confluence derived from the fixed-bar stimulus were the least

reliable combination as compared with all other stimulus and ROI combinations. For pRF

size estimates, a Tukey-Kramer analysis showed that pRF size was more reliable for the

log-bar than fixed-bar stimulus for all ROIs except the foveal confluence.

The fixed-bar and log-bar intersession reliability were excellent for pRF estimates of

polar angle and eccentricity in V1, V2, and V3. pRF size reliability was better for the log-

bar stimulus than the fixed-bar stimulus in V1, V2, and V3. In the foveal confluence, the

log-bar stimulus had better intersession reliability for polar angle and eccentricity estimates,

but similar reliability as the fixed-bar stimulus for pRF size.

4.3.3 Frequency of Estimated pRFs

We compared the number of estimated pRFs that passed threshold. We performed a mixed-

effects ANOVA with the number of estimated vertices as the dependent variable, treating

subject as a random-effects variable, and hemisphere, stimulus type, and ROI as fixed-effects

variables. Only significant results are reported in-text (see Appendix B.2 for full results).

There was a main effect of stimulus type on number of estimated pRFs, F (1, 165) = 53.31,
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p < 0.0001. A Tukey-Kramer analysis revealed that the fixed-bar stimulus estimated fewer

pRFs than the log-bar stimulus. There was a main effect of ROI on number of estimated

pRFs, F (3, 165) = 541.63, p < 0.0001. A Tukey-Kramer analysis revealed that V1, V2, V3,

and the foveal confluence had the most to least number of estimated pRFs.

On average across all comparison conditions, 434.75 (SD = 212.8711) vertices were suc-

cessfully estimated only by the log-bar stimulus. Of these vertices, the estimated eccentricity

(M = 1.5420, SD = 1.0391) and pRF size (M = 0.4991, SD = 0.2961) indicated that these

vertices were ones responsible for central vision.

4.3.4 Effect of Stimulus Type on pRF Parameter Estimates

We examined the changes in pRF parameter estimates due to stimulus type. The pRF

parameters were estimated separately for each stimulus aperture, collapsing across session,

to produce 2 sets of pRF estimates for each subject in this analysis.

For each parameter (polar angle, eccentricity, pRF size, and variance explained), we

performed a mixed-effects ANOVA with the difference between the parameter estimates

(fixed-bar − log-bar) as the dependent variable and treating subject as a random-effects

variable and hemisphere and ROI as fixed-effects variables. Only significant results are

reported in-text (see Appendix B.3 for full results).

Polar Angle

There were no significant effects of any condition on polar angle estimate differences (Figure

4.6).

Eccentricity

There was a significant main effect of hemisphere (F (1, 77) = 8.0386, p = 0.0058) and

ROI (F (3, 77) = 30.3408, p < 0.0001) on eccentricity estimate differences (Figure 4.7).

Bonferrroni-corrected post-hoc paired t-tests (α′
= 0.01

6
= 0.0017) revealed that eccentricity
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Figure 4.6: Difference in pRF polar angle estimates across visual areas. (Top row) Isodensity curves

between the fixed-bar and log-bar polar angle estimates. (Bottom row) Histogram of differences

between fixed-bar to log-bar polar angle estimates. Difference values were computed as fixed-bar

minus log-bar values. The dashed black line indicates zero difference, the red line indicates the mean

difference, and colors represent individual hemispheres.
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Figure 4.7: Difference in pRF eccentricity estimates across visual areas. Same configuration as

Figure 4.6.
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Figure 4.8: Difference in pRF size estimates across visual areas. Same configuration as Figure 4.6.
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Figure 4.9: Difference in variance explained across visual areas. Same configuration of Figure 4.6.



80

values in the left (t(47) = 8.2987, p < 0.0001) and right (t(47) = 8.5955, p < 0.0001)

hemispheres were significantly larger when estimated from the fixed-bar stimulus than the

log-bar stimulus. Similarly, eccentricity values were significantly larger for the fixed-bar

stimulus than the log-bar stimulus in the foveal confluence (t(23) = 6.0663, p < 0.0001),

V2 (t(23) = 6.7668, p < 0.0001), and V3 (t(23) = 12.1683, p < 0.0001). Eccentricity was

marginally larger for the fixed-bar stimulus versus the log-bar stimulus in V1, t(23) = 3.5048,

p = 0.0019.

pRF Size

There was a significant main effect of hemisphere (F (1, 77) = 7.0569, p = 0.0096) where pRF

size differences were smaller in the left hemisphere than the right hemisphere. There was a

significant main effect of ROI (F (3, 77) = 23.3607, p < 0.0001) on the differences in pRF size

estimates (Figure 4.8). Bonferrroni-corrected post-hoc paired t-tests (α′
= 0.01

6
= 0.0017)

revealed that pRF size estimates were also significantly larger for the fixed-bar stimulus than

the log-bar stimulus in the foveal confluence (t(23) = 8.7417, p < 0.0001), V1 (t(23) = 6.4849,

p < 0.0001), V2 (t(23) = 8.0437, p < 0.0001), and V3 (t(23) = 11.8887, p < 0.0001).

Additionally, there was a significant interaction effect of hemisphere and ROI (F (3, 77) =

4.4849, p = 0.0059). A post-hoc Tukey-Kramer analysis revealed that pRF size estimate dif-

ferences in the foveal confluence from both hemispheres, but especially the right hemisphere,

were significantly larger than all other hemisphere and ROI combinations.

Variance Explained

There was a significant main effect of ROI (F (3, 77) = 50.19, p < 0.0001) on difference on

variance explained (Figure 4.9). Bonferrroni-corrected post-hoc paired t-tests for each ROI

(α′
= 0.01

4
= 0.0025) revealed that variance explained was significantly larger when using the

log-bar stimuli within the foveal confluence, t(23) = −7.2173, p < 0.0001.

In summary, the fixed-bar stimulus produced pRF estimates that were larger and more

peripheral that the pRF parameters estimated with the log-bar stimulus. Model variance
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explained were similar across stimulus types, but favored the foveal confluence, which had

greater variance explained for the log-bar stimulus.

4.3.5 pRF Size, Cortical Magnification Factor, and Eccentricity

We examined pRF size, CMF, and pPI as a function of eccentricity across stimulus types and

visual areas (Figure 4.10). For each equation parameter from Equation 4.6 (a, b) and Equa-

tion 4.7 (c, d), we performed a mixed-effects ANOVA with the parameter as the dependent

variable and treating subject as a random-effects variable and hemisphere, stimulus type,

and ROIs as fixed-effects variables. Only significant results are reported in-text (see Ap-

pendix B.4 and B.5 for full results) and a summary of the equation parameters are reported

in Table 4.2.

There was a main effect of ROI on the slope (a) between pRF size and eccentricity,

F (1, 165) = 8.4201, p < 0.0001. The slope increased from V1 to V2 to V3 and the fovea

has the second steepest slope value. There was a main effect of stimulus type (F (1, 165) =

152.5007, p < 0.0001), and ROI (F (3, 165) = 7.0913, p = 0.0002) on the intercept (b)

of pRF size by eccentricity. The intercept parameter was smaller for the log-bar stimulus

than the fixed-bar stimulus. The smallest intercept values were from V1 and V2, followed

by V3, and then the fovea. There was an interaction effect of hemisphere and ROI on

intercept values (F (3, 165) = 3.9090, p = 0.0099). A simple effects analysis by ROI was

conducted to examine the interaction effect. The interaction effect was driven by the fovea

where the left hemisphere intercepts were significantly larger than the right hemisphere,

F (1, 165) = 17.4167, p < 0.0001. The differences in the individual pRF size equation

parameters were reflected in the differences in pRF size at 1◦ (see Appendix B.5).

There was a significant main effect of ROI on the CMF slope parameter (c), F (3, 165) =

21.8163, p < 0.0001. The estimated CMF slope parameter increased from in order from V1,

V2, V3, to the foveal confluence. There was a main effect of stimulus type (F (1, 165) =

171.2824, p < 0.0001) and ROI (F (3, 165) = 12.8569, p < 0.0001) on the CMF intercept

parameter (d). Intercept values were smaller for log-bar stimulus than the fixed-bar stim-
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Figure 4.11: pRF size ratio as a function of eccentricity across visual areas. The graphs show the

ratio (fixed-bar over log-bar) of pRF sizes where positive values represent larger pRF sizes from the

fixed-bar stimulus and negative values represent larger values for the log-bar stimulus. Asterisks

(*) represent bins that were significantly different from 1. Solid lines represent the average across

subjects and the shaded area represents the ±1 standard error of the mean.

ulus. Intercept values were decreased from V1, V2, V3, to the foveal confluence. There

were significant main effects of stimulus type (F (1, 165) = 112.5906, p < 0.0001) and ROI

(F (3, 165) = 4.8850, p = 0.0028) on CMF at 1◦ eccentricity. The predicted CMF at 1o was

smaller for the fixed-bar stimulus than the log-bar stimulus. The predicted CMF at 1o also

increased from the foveal confluence, V3, V1, to V2.

We found that the pPI was slightly decreased as eccentricity increased within the range

of 0◦ to 8◦ and the rate of change was similar for both stimulus configurations. The largest

difference occurs from 0◦ to 1◦ where the log-bar pPI rapidly decreases whereas the fixed-bar

pPI stays flat.

4.3.6 pRF Size Comparison as a Function of Eccentricity

We computed the ratio of pRF sizes by normalizing the fixed-bar pRF sizes by log-bar pRF

sizes across eccentricity.

We performed one-sample t-tests on each eccentricity bin on the pRF size ratio values

to compare if pRF sizes were significantly different depending on the stimulus type (Figure

4.11). Within the foveal confluence, pRF sizes were significantly larger under the fixed-bar

stimulus than the log-bar stimulus for pRFs from 0◦ to 1◦ . Likewise, pRF sizes exhibited

the largest different in pRF size estimates from 0◦ to 2◦ within V1, V2, and V3. On average
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Figure 4.12: Variance explained as a function of eccentricity across visual areas. (Top) depicts

average variance explained across eccentricity separated by stimulus type (red = fixed-bar, blue =

log-bar). (Bottom) Difference between the fixed-bar and log-bar variance explained where positive

values mean larger variance explained values for the fixed-bar stimulus and negative values represent

larger values for the log-bar stimulus. Asterisks (*) represent bins that were significantly different

than 0. Solid lines represent the average across subjects and the shaded area represents the ±1

standard error of the mean.

across visual areas, pRF size estimates were 1.6× larger for the fixed-bar than the log-bar

stimulus within this eccentricity range.

4.3.7 Variance Explained as a Function of Eccentricity

We examined variance explained as a function of eccentricity across all visual areas to examine

if goodness-of-fit could explain the difference in pRF size estimates. For each stimulus type

and ROI, the average variance explained was binned by eccentricity as described previously.

Afterwards, the difference in variance explained was calculated by subtracting log-bar from

fixed-bar values (Figure 4.12).

Paired t-tests were then conducted on the difference in variance explained for each ec-

centricity bin. Across all visual areas, there was a significant difference in variance explained

from 0◦ to 1◦ eccentricity, such that variance explained was larger for log-bar stimuli than

fixed-bar stimuli. Variance explained was not significantly different between the fixed-bar
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and log-bar for eccentricities > 1◦.

4.3.8 pRF Simulations

We estimated pRFs from simulated fMRI time courses to compare the effects of stimulus

types on pRF estimates when there is a known ground truth. Our simulations qualitatively

replicated the difference in fixed-bar versus log-bar estimates from our collected dataset

(Figure 4.13).

The simulated pRF results displayed larger estimates of pRF size for the fixed-bar stim-

ulus than the log-bar stimulus for pRFs that were located < 2◦ eccentricity. When we

compared the ratio of simulated pRF sizes to the ground truth for pRFs, the results also

mimicked the actual human data. Simulated pRF sizes from the fixed-bar stimulus were

estimated to be approximately 3× larger than the ground truth for pRFs located from 0◦

to 2◦ eccentricity. In comparison, log-bar simulated pRF sizes qualitatively matched ground

truth more closely.

We then took a closer look at the ratio of simulated pRF size to ground truth for pRFs that

were located from 0◦ to 2◦ eccentricity across stimulus types (Figure 4.13C, D). The fixed-bar

ratio values were positively skewed and displayed a larger standard deviation of values than

the log-bar stimulus. The log-bar ratio values displayed a tight normal distribution around

the ground truth pRF size. This observation suggests that for smaller pRFs, the fixed-bar

stimulus produced more variable and biased estimates of pRF size than the log-bar stimulus.

It is noteworthy that although the fixed-bar simulated pRFs were able to estimate smaller

eccentricity values than the log-bar stimulus, the corresponding fixed-bar pRF size estimates

were more biased towards larger pRF sizes at the smaller eccentricities than the log-bar

stimulus. The log-bar simulated pRFs at the same smaller eccentricities were removed from

the analysis due to lower variance explained.
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Figure 4.13: Simulated pRF size estimate comparisons to ground truth. (A) Simulated pRF size

as a function of eccentricity. (B) pRF size ratio over the ground truth pRF size. The solid lines

indicate pRF estimates from the fixed-bar (red), log-bar (blue), and ground truth (dashed black).

(C) Histogram of pRF size ratio values for the (C) fixed-bar and (D) log-bar stimulus. The green

line indicates the mean of the distribution.
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4.4 Discussion

This study examined the differences in the pRF estimates with (1) a fixed size drifting

bar (fixed-bar) stimulus and (2) logarithmically-distorted drifting bar (log-bar) stimulus to

address pRF estimate reliability and pRF size estimate stability.

4.4.1 pRF Estimate Reliability

On average, the intersession reliability of polar angle and eccentricity were excellent (r > 0.9)

for the fixed-bar and log-bar in V1 to V3. These results are consistent with reported values

for polar angle and eccentricity and support that pRF location estimates are robust and

stable across acquisitions (Benson et al., 2018; Lage-Castellanos et al., 2020; Senden et al.,

2014; van Dijk et al., 2016). The intersession reliability of pRF size was good (r > 0.7) for

the fixed-bar stimulus, but even greater for the log-bar stimulus (r > 0.88) in V1 to V3.

Our log-bar stimulus data are the first to show such high reliability coefficients for pRF size

estimates. We infer that the log-bar stimulus was effective in eliciting more reliable activation

throughout the visual field, which resulted in the greater stability in pRF size estimates.

This study also examined a foveal confluence region of interest. We found poor inters-

ession reliability for all pRF estimates when using the fixed-bar stimulus (r ≃ 0.5 − 0.6).

Reliability was good for polar angle and eccentricity (r ≃ 0.8), but pRF size had moderate

(r ≃ 0.6) intersession reliability with the log-bar stimulus. It has been shown that pRF

location estimates are more robust than pRF size estimates (Lage-Castellanos et al., 2020),

so it is expected that the polar angle and eccentricity estimates would have better reliability

than pRF size. Interestingly, the log-bar was able to achieve increased performance over the

fixed-bar within the foveal confluence. We hypothesize that the poor pRF size intersession

reliability in the foveal confluence might be due to the high degree of CMF (Dougherty et al.,

2003). Cortex that represents central vision, like the foveal confluence, exhibits the most

CMF scaling. In the human brain, this relationship translates to a large section of cortex

containing the smallest pRFs. It is plausible that our chosen eccentricity distortion factor
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did not compress the foveal component enough to elicit a reliable signal for the smallest

receptive fields in the foveal confluence.

4.4.2 pRF Estimate Differences by Stimulus Type

Our results demonstrated several differences in pRF estimates when comparing the fixed-bar

and the log-bar stimuli. On average, pRFs estimated from the fixed-bar stimulus had larger

eccentricities and larger pRF sizes than log-bar pRFs. This result demonstrates a systematic

bias towards more peripheral and larger pRFs when estimating with a drifting bar stimulus.

As we hypothesized, the log-bar stimulus was able to estimate more pRFs that represented

central vision. This tendency was reflected in the observation that more of the log-bar pRFs

located within 0◦ to 2◦ eccentricity were retained after thresholding, and there was more

variance explained across visual areas for these pRFs.

The results for foveal locations matched our pRF simulations. In the simulated pRF

estimates, the fixed-bar stimulus produced larger pRF size estimates than the log-bar stim-

ulus. The bias of enlarged pRF sizes was most prominent in pRFs with small eccentricities.

The simulation results support our hypothesis that the log-bar was able to produce a more

reliable response for smaller pRFs located at smaller eccentricities.

Individual CMF by eccentricity was also dependent on stimulus type. The CMF at a

near foveal position of 1◦ was always larger for the log-bar than the fixed-bar stimulus. This

result is consistent with larger CMF at the smallest eccentricity, although the decay rate

was similar across stimulus types. As the local change in cortical distance was the same

within each subject, the difference in measured CMF across stimulus types must come from

the difference in local change in pRF location. Under this logic, the local change in pRF

locations for the log-bar stimulus was smaller than for the fixed-bar stimulus. The CMF

relationship with eccentricity that was measured in this study from the log-bar stimulus is

consistent with CMF measurements made in humans with implanted electrodes (Cowey &

Rolls, 1974).

We found pPI to be near constant, with pPI slightly decreasing as a function of eccentric-
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ity for V1 to V3 within 1◦ to 8◦ eccentricity. This observation is consistent with previously

reported pPI measured using the pRF method (Clavagnier et al., 2015; Harvey & Dumoulin,

2011). Since we were able to estimate pRFs located < 1◦ eccentricity, we were also able to

reconstruct the pPI within this range. Our results showed that pPI was still near constant

when estimated from the fixed-bar stimulus, but rapidly decreases when using the log-bar

stimulus.

We also report differences in pRF size estimates across hemispheres. We found that

pRF size estimates were smaller from the left hemisphere than the right hemisphere. This

translates to smaller pRF estimates in the right visual hemisphere than the left. This is

consistent with previous work demonstrating asymmetric representation of pRF size in the

visual field (Silva et al., 2018). Our results differ from Silva et al. (2018) in that we report

the largest visual field asymmetry in pRF size estimates within the foveal confluence rather

than in later visual areas.

4.4.3 Limitations

The limitations of the current study arise from technical capabilities and design choices.

First, we were unable to stimulate the visual field beyond 8◦ eccentricity due to equipment

constraints, and we chose to distort the log-bar to approximately match CMF properties

of human early visual cortex. Therefore, we are unable to consider the effects the log-bar

stimulus would have in more eccentric visual locations and in visual areas beyond early visual

cortex (i.e., V4 – V7). It is possible that our distortion factor would not generalize to ex-

trastriate visual cortex, and these higher order visual areas may require their own optimized

stimulus configuration. Second, we did not implement other pRF models that incorporate

non-linear visual computations like compressive spatial (Kay et al., 2013) or temporal (Zhou

et al., 2018) summation, surround suppression (Zuiderbaan et al., 2012), or normalization

(Aqil et al., 2021). The nonlinear pRF models may account for the differences in pRF sizes

across the fixed-bar and log-bar at peripheral locations (> 2◦ eccentricity) as this was an

aspect of the data our simulations did not capture with a linear pRF model. Third, we used
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a 100% contrast flickering checkerboard as the background texture for our stimuli. Flickering

checkerboard stimuli are known to drive neural activity, however, the optimal background

texture for visual neurons can vary. Visual cortex has demonstrated tuning for 1/f spec-

trum noise (Isherwood et al., 2017) and the Human Connectome Project implemented their

stimulus with 1/f noise with embedded objects (Benson et al., 2018). It is possible that a

combination of an optimized background texture and optimized stimulus aperture, like our

log-bar stimulus, could lead to better pRF estimates and model performance, especially in

higher-order visual areas.

4.4.4 Conclusion

In summary, this study presents an improvement to the stimulus types to be used for retino-

topic mapping. Our logarithmically-distorted drifting bar produced highly reliable and more

accurate pRF estimates than a standard drifting bar stimulus. Our results emphasize the

importance of cortical magnification on pRF size estimate stability, especially for pRFs lo-

cated near central vision. Here, we provide a fast and robust stimulus configuration that is

suitable for investigating the organization of human visual cortex.
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Appendix B

ANOVA TABLES

Appendix B contains full ANOVA tables for the statistics calculated in Chapter 4.
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Number of Estimated pRFs

df MS F p η2

Hemisphere 1 4991.9000 0.0444 0.8333 0.0000

Stimulus 1 5992180.0052 53.3137 < 0.0001 0.0270

ROI 3 60876049.2691 541.6269 < 0.0001 0.8228

Hemi.×Stim. 1 804.4219 0.0072 0.9327 0.0000

Hemi.×ROI 3 252410.2552 2.2457 0.0849 0.0034

Stim.×ROI 3 13229.0469 0.1177 0.9496 0.0002

Hemi.×Stim.×ROI 3 14848.3524 0.1321 0.9409 0.0002

Error 165 112394.8113

Table B.2: Number of estimated pRFs ANOVA table
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