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Computational models of brain activity serve to not only uncover the organizational 

principles of the brain, but also quantify the neural processes underlying our perceptual 

experiences. This dissertation investigates the neural encoding of sensory information through 

computational models of blood oxygen level-dependent (BOLD) responses obtained with 

functional magnetic resonance imaging (fMRI).  Based upon a technique known as population 

receptive field (pRF) modeling, voxel-based encoding and decoding models were used to predict 

and decode neural responses to various visual and auditory stimuli. The studies presented herein 

demonstrate the utility of this technique for examining the functional organization of the visual 

and auditory cortex, as well as provide methods for verifying model generalizability across 

different stimulus types.   



iv 
 

Table of Contents 
Acknowledgments............................................................................................................................ i 

Dedication ....................................................................................................................................... ii 

Abstract .......................................................................................................................................... iii 

Table of Figures .............................................................................................................................. v 

Table of  Supplementary Figures .................................................................................................... v 

Table of Tables .............................................................................................................................. vi 

Table of Supplementary Tables ..................................................................................................... vi 

Introduction ..................................................................................................................................... 1 

Chapter 1: Unbiased pRF estimates in human visual cortex. ......................................................... 5 

Accurate representation of the effective stimulus ....................................................................... 6 

Quantifying Neural Fill-In .......................................................................................................... 8 

Chapter 2: Population receptive field estimates of human auditory cortex .................................. 15 

Abstract ..................................................................................................................................... 15 

Introduction ............................................................................................................................... 15 

Materials and Methods .............................................................................................................. 17 

Analyses .................................................................................................................................... 25 

Results ....................................................................................................................................... 30 

Discussion ................................................................................................................................. 42 

Supplementary Material ............................................................................................................ 47 

Chapter 3: Reconstructing auditory sequences from fMRI BOLD responses within human 

primary auditory cortex................................................................................................................. 56 

Abstract ..................................................................................................................................... 56 

Introduction ............................................................................................................................... 57 

Materials and Methods .............................................................................................................. 59 

Results ....................................................................................................................................... 67 

Discussion ................................................................................................................................. 70 

Final Remarks ............................................................................................................................... 72 

References ..................................................................................................................................... 73 

 

 

 

 

 

 

 



v 
 

 

Table of Figures 
Figure 0-1. Components of the visual pRF linear model ........................................................... 3 

Figure 1-1. Retinotopic stimulation sequences ........................................................................... 6 
Figure 1-2. Generating Neural Images............................................................................................ 9 
Figure 1-3. Averaged Intensity Values ......................................................................................... 10 
Figure 1-4. Quantifying Neural Fill-in.......................................................................................... 12 
Figure 1-5. Neural Fill-In Across Subjects ................................................................................... 13 

Figure 2-1. Auditory pRF mapping stimuli .............................................................................. 19 
Figure 2-2. Tonotopic Maps using Ascending and Descending Progressions .............................. 31 
Figure 2-3. Tonotopic Maps using Random Tone progressions ............................................. 32 
Figure 2-4. Probability histograms of frequency center (f0) values .............................................. 34 

Figure 2-5. Bandwidth maps ......................................................................................................... 36 
Figure 2-6. Bandwidth values across cortical areas ...................................................................... 37 
Figure 2-7.  Maps across Acquisition Sequences ......................................................................... 38 

Figure 2-8. Across Acquisition Types .......................................................................................... 39 
Figure 2-9. Estimated Standard Error ........................................................................................... 40 

Figure 3-1. pRF estimation ........................................................................................................... 62 
Figure 3-2. Identification Performance ......................................................................................... 68 
Figure 3-3. Sequence Reconstruction ........................................................................................... 69 

 

 

Table of  Supplementary Figures 
Supplementary Figure 2-1. Simulation Results ............................................................................ 47 
Supplementary Figure 2-2. Power Spectrums of Scanner Noise .................................................. 48 

Supplementary Figure 2-3. Anatomical ROIs .............................................................................. 49 

Supplementary Figure 2-4. Comparisons of PAC ROI Size and Similarity ................................. 50 
Supplementary Figure 2-5. Right Hemisphere Tonotopic Maps .................................................. 51 

Supplementary Figure 2-6. GLM Results for Ascending/Descending Tone Progressions .......... 52 
Supplementary Figure 2-7. GLM    Results for Random Tone Sequences ................................... 53 
Supplementary Figure 2-8. Scatter Plot of Correlation Values .................................................... 54 

 

 
 

 

 

 

 

 

file:///F:/Dissertation/JMTDissFinal.docx%23_Toc421787287
file:///F:/Dissertation/JMTDissFinal.docx%23_Toc421787288
file:///F:/Dissertation/JMTDissFinal.docx%23_Toc421787289
file:///F:/Dissertation/JMTDissFinal.docx%23_Toc421787290
file:///F:/Dissertation/JMTDissFinal.docx%23_Toc421787295
file:///F:/Dissertation/JMTDissFinal.docx%23_Toc421787297
file:///F:/Dissertation/JMTDissFinal.docx%23_Toc421787299
file:///F:/Dissertation/JMTDissFinal.docx%23_Toc421787310


vi 
 

 

Table of Tables 
Table 2-1. Correlation coefficients between frequency center (f0) values .................................... 33 

Table 2-2. Correlation Coefficients .............................................................................................. 39 
Table 3-1. Residual Errors ............................................................................................................ 69 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table of Supplementary Tables 
Supplementary Table 2-1.  Individually fitted HDR parameters .................................................. 55 

Supplementary Table 2-2. Average correlation coefficients ........................................................ 55 

file:///F:/Dissertation/JMTDissFinal.docx%23_Toc421787314


1 
 

Introduction  
 

Understanding how sensory information is encoded by our brains is an essential step in 

elucidating the neural mechanisms underlying our perceptual experiences. Recent functional 

magnetic resonance imaging (fMRI) studies have begun to explore neural encoding through the 

development of computational models used to predict and decode blood oxygen level-dependent 

(BOLD) responses to various sensory stimuli. Using this approach, researchers have begun to 

reveal not only where different features of sensory stimuli are represented within the human 

brain, but also the manner in which these neural representations are functionally organized.  

This approach began with the development of computational models to predict fMRI 

responses to a wide range of presented stimuli. Initially, these models were used to establish 

whether fMRI activity within a particular brain area represented some amount of information 

about a specific sensory feature. For example, studies performed in the visual domain have 

demonstrated how orientation-selective responses could be classified from the pattern of BOLD 

activity across early areas of visual cortex (Kamitani and Tong, 2005). Decoding studies such as 

these have often applied a technique known as multi-voxel pattern analysis (MVPA) which uses 

various linear classification algorithms, such as support vector machine (SVM) or logistic 

regression, that are trained to discriminate stimuli according to their elicited pattern of activity 

across fMRI voxels. These conventional fMRI decoding methods have proven to be very 

successful in identifying and classifying perceived stimuli. Furthermore, because these models 

generate predictions about stimulus discriminability, they can serve as a method for linking 

neural activity to behavioral performance (Boynton et al., 1999; Buracas et al., 2005) However, 

conventional decoding studies often do not provide information about the feature space or 

manner in which these stimuli are functionally organized within the brain. Additionally, these 
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studies are limited to the candidate sets of stimuli that were used to train the classification 

algorithm and therefore cannot be used to identify novel stimuli. 

An alternative approach to these decoding models, are voxel-based encoding models of 

neural activity. Instead of using trained linear classifiers to discriminate between voxel-activity 

patterns, encoding models aim to provide a more explicit description of how sensory information 

is represented within an individual voxel (Naselaris et al., 2011). For example, though the study 

by Kamitani and Tong (2005) found that orientation-selectivity is differentially encoded across 

voxels in early visual cortex, it did not establish how this stimulus dimension is represented 

across those same voxels. Vision researchers have therefore begun to apply an encoding 

approach by developing models to better characterize the response preferences of each voxel in 

terms of retinotopic location, spatial frequency, and orientation (Kay et al., 2008). These encoded 

models were then used to predict BOLD responses to novel image stimuli. Moreover, when 

combined with parametric decoding, these models were able to not only identify (Kay et al., 

2008) but reconstruct novel images according to their visual features  (Thirion et al., 2006; 

Miyawaki et al., 2008; Naselaris et al., 2009; Nishimoto et al., 2011). 

The goal of this computational approach is to generate a model of fMRI responses that is 

capable of providing a complete functional description of a specific brain area. Once this model 

has been accurately generated, and all stimulus features have been mapped to cortex, it is then 

possible to decode what stimulus had evoked a given neural response. This allows researchers to 

directly link cortical representations with measures of behavioral performance and provides 

numerous insights about the role of a specific brain area in the context of our overall perceptual 

experiences. 
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This dissertation presents results from a number of experiments implementing both encoding and 

decoding models of fMRI data to investigate the functional organization of the human visual and 

auditory cortex. One commonality across these experiments is the use of a  voxel-based encoding 

approach known as population receptive field (pRF) modeling, a technique originally developed 

as a method for visual field, or retinotopic, mapping of the visual cortex (Dumoulin and Wandell, 

2008).  This method models the response properties for the population of neurons within a given 

fMRI voxel as either a one or two dimensional Gaussian. A model time course is then generated 

for each voxel by calculating the linear sum of the overlap between the time course of the pRF 

model and the hemodynamically blurred input stimulus. This is mathematically equivalent to the 

matrix multiplication between the stimulus after hemodynamic blurring and the pRF model 

(Figure 0-1).  Model fits for each voxel are then obtained by using an algorithm to iterate 

towards the model parameters that maximize the correlation between the voxel’s pRF model 

time course and the acquired fMRI response time course. 

 

  

 

Chapter 1 describes work performed to develop and validate pRF modeling analysis for 

obtaining unbiased measurements of cortical re-organization as a consequence of vision loss 

(Binda et al., 2013). Using a simulated foveal scotoma, these studies demonstrate methods for 

Adapted from Binda et al. 2013. The input stimulus and the pRF are represented as matrices, where vertical 

and horizontal space are collapsed into a single dimension and time is the other dimension). 

Figure 0-1. Components of the visual pRF linear model 
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quantifying bottom-up changes in pRFs that are independent from the effects of spatio-temporal 

BOLD nonlinearities and various top-down influences including the effects of neural ‘fill-in.’  

 Chapter 2 presents a methodology for extending pRF modeling to the auditory domain to 

investigate functional representations of auditory frequency, or tonotopic maps within the 

auditory cortex (Thomas et al., 2015). Chapter 3 presents a method for investigating the 

generalizability of the auditory pRF models through a combined encoding/decoding approach 

that is used to identify and reconstruct perceived auditory stimuli over time.  

Ultimately, this dissertation aims to demonstrate the utility of modeling the perceptual 

experiences of an individual using non-invasive measurements of brain activity; a technique 

which should serve as a powerful method for studying the neurological basis of both 

enhancements and deficits in sensory perception.   
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Chapter 1: Unbiased pRF estimates in human visual cortex. 
 

Within the field of vision science, there has been substantial interest in the use of 

functional MRI and pRF modeling to examine how retinotopic maps are affected by long-term 

visual deprivation. Several high-profile studies have investigated the degree of cortical 

reorganization that occurs as a result of lesions or diseases affecting either the retina (Morland et 

al., 2001; Baseler et al., 2002; Sunness et al., 2004; Baker et al., 2005; Baker et al., 2008; 

Masuda et al., 2008; Dilks et al., 2009; Masuda et al., 2010; Baseler et al., 2011), retino-

geniculate fibers (Hoffmann et al., 2012), or geniculo-cortical pathways (Baseler et al., 1999; 

Morland et al., 2001; Dilks et al., 2007).  

As a control condition, several studies compared the retinotopic maps of subjects with 

long-term vision loss to those of normally-sighted subjects under conditions designed to simulate 

a visual impairment. Unexpectedly, evidence for cortical reorganization was observed within the 

normally-sighted subjects using either a simulated scotoma condition (Baseler et al., 2011; Haak 

et al., 2012), or scotopic illumination levels used to reduce the sensitivity within the central 

visual field (Barton & Brewer, 2011). For both of these cases, the pRFs of voxels representing 

the scotoma area were shifted and changed in size, mimicking the pattern of cortical 

reorganization previously observed in some cases of long-term visual impairment (Baseler et al., 

2011).   

It has been suggested that these unexpected pRF changes may be partially due to an 

altered balance between the visual input and signals from feedback or lateral connections related 

to  the phenomenon of neural ‘‘fill-in’’ (Baseler et al., 2011; Haak et al., 2012). Alternatively, 

previous studies have acknowledged that these pRF changes might be artifacts of the methods 

used in retinotopic mapping (Wandell and Smirnakis, 2009). In an effort to eliminate these 
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factors, our lab began a series of experiments to develop and pRF modeling analysis for 

obtaining unbiased measurements of cortical reorganization as a consequence of vision loss.   

Accurate representation of the effective stimulus 

 

In Binda et al. (2013), we investigated whether model estimation artifacts were 

responsible for the unexpected pRF changes observed in normally-sighted individuals. We began 

by measuring fMRI responses in cortical visual areas V1, V2, and V3 of three normally-sighted 

subjects (age: 26–29 years, one female) to two stimulation sequences  previously used for 

retinotopic mapping of the visual cortex: a multifocal patch sequence (Figure 1-1 A,C) (Vanni et 

al., 2005) and a conventional drifting bar sequence (Figure 1-1 B, D) (Dumoulin and Wandell, 

2008). 

  

   

Taken from Binda et al 2013. Panels A and B show an individual frame of the multifocal and the drifting 

bars stimulus sequences in the full-field condition. Panels C and D show the same frame for the scotoma 

condition, with the yellow dashed circle (not part of the display) marking the extent of the mean 

luminance mask simulating a foveal scotoma. 

Figure 1-1. Retinotopic stimulation sequences 
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Each stimulation sequence was presented under two conditions: a “full-field” condition 

(Figure 1-1 A, B)  in which the area of stimulation covered the entire display region, or a 

“scotoma” condition (Figure 1-1 C, D)   in which the central 2° of the same stimulus was 

masked by a mean luminance patch to emulate a foveal scotoma.  

The fMRI responses collected with the two stimulation sequences and under the two 

conditions were fit as independent sets of pRF estimates. For the scotoma condition, pRFs were 

fit using two different methods: the previously applied (Baseler et al., 2011; Haak et al., 2012) 

‘‘full-stimulus pRF method’’ in which the input stimulus to the pRF fitting algorithm represented 

the full-field stimulus (ignoring the presence of a scotoma); and an ‘‘effective-stimulus pRF 

method’’ which incorporated the scotoma into the input stimulus. Please refer to Binda et al. 

2013 for full methodological details, including all stimulus descriptions, imaging parameters, and 

modeling techniques. 

We found that modeling the fMRI responses with the “full-stimulus pRF method” 

resulted in pRFs that appeared shifted in position and changed in size. This suggests that the 

previously reported pRF changes seen with simulated scotomas were at least partially due to a 

methodological artifact. These artifactual changes were completely eliminated when fMRI 

responses collected with the multifocal stimulus sequence were modeled using the “effective-

stimulus pRF method.”  

However, the pattern of results was more complex for pRF estimates generated with the 

drifting-bar stimulus sequence: use of the “effective-stimulus pRF method” resulted in an 

unexpected over-correction of the biases. This suggested that pRF estimates could not 

adequately explain the pattern of fMRI responses to the drifting bars stimulus, indicating that 
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factors not included within the pRF model, such as spatio-temporal BOLD nonlinearities, may 

have been involved. 

Stimuli designed with coherent movement, such as the drifting bar sequences, are known 

to induce a ‘‘traveling wave’’ of BOLD activity across the cortical surface (Engel et al., 1994), 

that can induce a spread of responses that propagates beyond the directly stimulated area 

(Aquino et al., 2012). Though previous studies have shown that these spatial and temporal 

summation of BOLD signals can be well approximated by a linear model; significant nonlinear 

interactions have also been found (Zenger-Landolt and Heeger, 2003; Pihlaja et al., 2008).   

Alternatively, stimulus predictability and neural “fill-in” phenomena might have also 

affected responses to the drifting bars stimulus. Studies of attention have suggested that fMRI 

responses are influenced by expectations about the upcoming pattern of stimulation (Kastner et 

al., 1999).  Furthermore, the scotoma condition stimulus might have been perceived as partially 

occluded object, with the drifting bar passing behind the simulated scotoma. Similar neural ‘fill-

in’ effects have been shown to occur at the earliest stages of cortical processing, even when 

spatial attention is directed elsewhere (Meng et al., 2005).  

Quantifying Neural Fill-In 

 

 ‘Filling-in’ is a perceptual phenomenon by which a visual attribute such as brightness or 

motion is induced in a blank region of the visual field by a surrounding stimulus (Ramachandran 

and Gregory, 1991; Weil et al., 2007). It has been shown that filling-in can be associated with 

attention, amodal completion, or apparent occlusion (Meng et al., 2005; Komatsu, 2006).  

However, evaluating the neural correlates of ‘fill-in’ phenomena via fMRI is complicated by the 

spatio-temporal blurring and nonlinearities associated with the BOLD signal. To avoid these 

complexities, we developed a novel ‘neural image’ method to quantify the amount of neural 
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“fill-in” present in our measured fMRI responses to the multifocal and drifting bar stimuli. Based 

upon work by Kay et al. (2008), our method generates neural images through an inversion of the 

pRF model  to estimate what stimulus best predicted the measured pattern of voxel BOLD 

responses at that point in time. Using this method we are able to visualize how a stimulus was 

represented by BOLD responses in visual cortical areas.  

  We began with the pRF models for areas V1-V3 that had been generated with the full-

field multifocal stimulus, which as previously discussed, produced retinotopic estimates for each 

subject without artifactual biases. For each stimulation sequence and condition type we 

generated two neural image time courses comprised of either: model neural images or data-

driven neural images (Figure 1-2).  

 

 

 

Model neural images were generated by multiplying each voxel’s pRF model by each 

physical frame of the stimulation sequence that had been convolved with each subject’s 

The pRF models for each subject were generated with the full-field multifocal stimulus. Model neural images 

(red) were generated by multiplying each voxel’s pRF model by each physical frame of the stimulus convolved 

with each subject’s hemodynamic response function. Data-driven neural images (blue) were generated by 

multiplying each voxel’s pRF model by the stimulus-driven BOLD signal at that point in time. 

Figure 1-2. Generating Neural Images 
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hemodynamic response function. These model neural image time courses serves as a reference 

for a purely linear system which retains the spatio-temporal nonlinearities present in the BOLD 

signal, but does not contain the effects of neural fill-in. Data-driven neural images were 

generated by first separately averaging the stimulus-driven BOLD response time courses 

acquired for each condition (full-field or scotoma) and stimulation sequence type (multifocal and 

drifting bar). Then the neural images were created by multiplying each voxel’s pRF model by the 

averaged stimulus-driven BOLD response at that point in time, with each time point 

corresponding to a frame in the stimulation sequence.  

Next, we defined two regions-of-interest (ROIs) within the model and data-driven neural 

image time courses: one ROI containing the area of the scotoma (central 2°) and one equally 

sized ROI located outside the area of the scotoma (Figure 1-3). 

 

 

Figure 1-3. Averaged Intensity Values 

We defined two regions-of-interest (ROIs) depicted here by the blue circles.  One located inside the scotoma (top) and one 

located outside the area of the scotoma (bottom).  For each time point, we averaged the normalized intensity of the neural 

image within each ROI (illustrated here by the blue data points).  

 



11 
 

For each time point within the neural image time courses, we averaged the intensity of 

the neural image (normalized between -1 to 1) within the ROIs (total of 240 average intensity 

values per time course).  To visualize the amount of neural “fill-in” present within each ROI, we 

plotted the averaged intensity values from each point in time in the full-field condition against 

each point in time under the scotoma condition. This was acceptable since, with the exception of 

the scotoma mask, the frames of each stimulation sequence (240 frames in total) were identical 

across all scans of the same sequence type.  This was crucial for isolating the effects of “fill-in,” 

as it allowed us to directly compare each time point in the scotoma condition to each time point 

in the full-field condition. 

Finally, a linear regression model was fit to each ROIs average intesity values, using a 

total least squares (TLS)  method, also known as orthogonal regression. Unlike standard linear 

regression analyses, the TLS method takes in account observational errors on dependent and 

independent variables, a necessary factor given the relative noise present within the average 

intensity values of both the full-field and scotoma conditions.  

 Figure 1-4 displays the results of these comparisons for Subject 1.  Plots are shown 

seperately for the inside scotoma and outside scotoma ROIs. For the sake of easier interpretation, 

only the data-driven values are plotted (in either light or dark blue). The best fitting lines 

resulting from the TLS regression, are displayed for values of the model neural images (red) and 

the data-driven neural images (either light or dark blue). A third line (black) (with a slope = 1) is 

shown as a reference for total neural fill-in, in which averaged intensity values in the scotoma 

and full-field conditions are perfectly correlated. This would indicate that BOLD responses did 

not differ across conditions, as though the scotoma was not present. 
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 Figure 1-4. Quantifying Neural Fill-in 
Plots of the averaged intensity values from each point in time in the full-field condition against each point in time 

under the scotoma condition. Data-driven values are plotted for the multifocal sequence (light blue) and the drifting 

bar sequence (dark blue). Best fitting lines resulting from the TLS regression are displayed for the model neural 

images (red) and the data-driven neural images (either light or dark blue). A third line (black) (with a slope = 1) is 

shown as a reference for total neural fill-in. 

 

The amount of neural fill-in within each ROI  was quantified acoording to the difference 

in slope between these best fitting lines. An increased slope in the data-driven line relative to the 

model without neural fill-in, indicates the presence of neural fill-in within that ROI.  For the 

outside scotoma ROI, the difference in slope between the data-driven and model lines was 

marginal for both stimulation sequences. This is to be expected as the portions of the stimulation 

sequences driving responses for that area of the neural image, remained the same across the full-
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field and scotoma conditions. As shown in Figure 1-4, results for the inside scotoma ROI 

differed across the stimulation sequences. Though data-driven values from  multifocal sequences 

are better predicted by the model, some evidence for neural fill-in remained. However, the slope 

of the line fit to the data-driven  values from the drifting bar sequences was considerably 

increased relative to the model, indicting a considerable amount of neural fill-in for the inside 

scotoma ROI. This pattern of results was present across all three subjects, as shown in Figure 1-

5, which displays the slopes of the best fitting lines for both ROIs and both stimuluation 

sequences.  

 

   Figure 1-5. Neural Fill-In Across Subjects 

 

Bar graphs of the slopes from the best fitting lines for the data-driven (either light or dark blue) and model (red) 

values are shown for each ROI and stimulation sequence. The dotted black line ( slope = 1) serves as a reference 

for total neural fill-in. 
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Our results demonstrate how an inversion of the population receptive field model that 

generates neural images can be used to visualize and quantify the effects of neural fill-in for 

areas within early visual cortex. By comparing data-driven neural images to model neural 

images, which both contained the spatio-temporal blurring and nonlinearities associated with the 

BOLD signal, we were able to isolate the effects of filling-in. Using this approach we found a 

considerable amount of neural fill-in occurring within the area scotoma when the predictable 

drifting bar stimulus was used. The amount of fill-in was significantly less when the 

unpredictable multifocal stimulus was used. These findings suggest that we were correct in our 

notion that stimulus predictability and neural “fill-in” phenomena may have biased pRF 

estimates generated with the drifting bar stimulus. We therefore suggest that neural fill-in effects 

had induced neural signals within the area of the scotoma that resulted in the pRF eccentricity 

shifts which were over-corrected by our effective-stimulus pRF method. 

This neural image method serves as compelling methodological tool for studying 

plasticity in the retinotopic organization of visual areas. Future directions would include 

comparing the effects of neural fill-in across real (e. g. macular degeneration) and simulated 

scotomas, as well as comparing the amount of neural fill-in present across different areas of the 

visual cortex. 

 This method is also of particular interest for those involved with sight recovery 

engineering technologies working to produce retinal prostheses. The ability to visualize the 

neural representations of visual images at the level of the cortex can serve as method for 

developing and validating more sophisticated forms of retinal stimulation. 
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Chapter 2: Population receptive field estimates of human 

auditory cortex 
 

 

Abstract 

Here we describe a method for measuring tonotopic maps and estimating bandwidth for 

voxels in human primary auditory cortex (PAC) using a modification of the population 

Receptive Field (pRF) model, developed for retinotopic mapping in visual cortex by Dumoulin 

and Wandell (2008). The pRF method reliably estimates tonotopic maps in the presence of 

acoustic scanner noise, and has two advantages over phase-encoding techniques. First, the 

stimulus design is flexible and need not be a frequency progression, thereby reducing biases due 

to habituation, expectation, and estimation artifacts, as well as reducing the effects of spatio-

temporal BOLD nonlinearities. Second, the pRF method can provide estimates of bandwidth as a 

function of frequency. We find that bandwidth estimates are narrower for voxels within the PAC 

than in surrounding auditory responsive regions (non-PAC). 

 

Introduction 

Primate studies suggest that the “core” of the auditory cortex (AC), identified on the basis 

of the underlying cellular architecture, contains up to three subdivisions with borders delineated 

by tonotopic gradient reversals: A1, R, and RT (Hackett et al., 1998; Hackett, 2008). In humans, 

cytoarchitectonic and chemoarchitectonic studies have localized the AC core to approximately 

the medial two-thirds of Heschl’s gyrus (HG) (Rademacher et al., 2001; Dick et al., 2012). 

Tonotopic organization within these areas has been measured using intracortical auditory event-

related potentials (Liegeois-Chauvel et al., 1991), surgically implanted microelectrodes (Howard 
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et al., 1996) and non-invasive functional imaging (Formisano et al., 2003; Talavage et al., 2004; 

Humphries et al., 2010; Da Costa et al., 2011; Striem-Amit et al., 2011; 2013; Saenz and 

Langers, 2013). 

A number of functional MRI studies have identified two tonotopic gradients, thought to 

correspond to human homologues of areas A1 (hA1) and R (hR) that form mirror-image 

representations reversing at a low frequency border (Formisano et al., 2003; Humphries et al., 

2010; Da Costa et al., 2011; Langers and van Dijk, 2011; Striem-Amit et al., 2011; Moerel et al., 

2012; 2013). The low frequency region is found close to Heschl’s gyrus, and some uncertainty 

remains as to the exact orientation of these two maps with reference to the gyrus (see Saenz and 

Langers, 2013 for a review ).   

Several tonotopy studies have relied on stimuli comprised of orderly ascending or 

descending frequency progressions (e.g. Talavage et al., 2004; Da Costa et al., 2011; Striem-

Amit et al., 2011; 2013), and a phase-encoding analysis that identifies the “best frequency” of a 

voxel by either finding the phase of the sinusoid or time-lagged function that best-fits the voxel 

time course (Engel et al., 1994). While such methods provide a robust method for identifying 

tonotopically organized areas, several features of this approach contribute to uncertainty in 

interpreting results. 

  Frequency progression stimuli have the potential to cause habituation and/or expectation 

effects. Moreover, the ‘‘traveling wave’’ of BOLD activity induced across the cortical surface 

(Engel et al., 1994) by frequency progressions is likely modulated by spatiotemporal 

nonlinearities. Previous studies have shown that while the spatial and temporal summation of 

BOLD signals can be well approximated by the linear model; significant nonlinear 

spatiotemporal interactions do occur (Zenger-Landolt and Heeger, 2003; Pihlaja et al., 2008; 
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Binda et al., 2013).  Furthermore, estimates of best frequency based on a small number of 

presented frequencies tend be biased, especially near the edge of the stimulus range (Dumoulin 

and Wandell, 2008, Appendix B). Our data and that of Dumoulin et al. (2008, Appendix B) 

suggest that these effects can be somewhat reduced by fitting data using a continuous function 

such as a Gaussian or a sinusoid capable of assigning voxels to outside the presented frequency 

range rather than using a “winner-take-all” method that assigns a value based on the highest 

correlation to the presented frequencies only, where voxels with a best frequency outside of the 

stimulus range are assigned to either the highest or lowest presented frequency. Thus, frequency 

progression stimuli, especially when analyzed using ‘winner take all’ methods, have the potential 

to result in an overrepresentation of frequencies near the beginning or the end of the sweep. 

Analogous concerns have been described for visual retinotopic mapping methods (Duncan and 

Boynton, 2003; Dumoulin and Wandell, 2008; Haak et al., 2012; Binda et al., 2013), and 

recently discussed for tonotopic mapping methods (Langers et al., 2014a; 2014b).  

Here, we estimate auditory frequency responses using a population Receptive Field (pRF) 

method developed by Dumoulin and Wandell (2008) that is less susceptible to many of these 

issues when utilizing a randomized stimulus, and has the added advantage of providing a means 

of estimating the receptive field size or bandwidth of individual voxels as a function of 

frequency.  

Materials and Methods 

 

Subjects 

Four right-handed subjects (2 male, 2 female, ages 24-45) participated in two fMRI 

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

All procedures, including recruitment, consenting, and testing, followed the guidelines of the 
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University of Washington Human Subjects Division and were reviewed and approved by the 

Institutional Review Board. 

Stimulus Presentation  
 

Auditory 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 adjusted to ensure flat frequency 

transmission from 100 Hz to 8 kHz. Subjects were instructed to keep their eyes closed during all 

scans.  

We measured fMRI responses to two types of stimulation sequences: ascending 

/descending tone progressions and random tone sequences. Both stimuli were comprised of 

blocks of pure tone stimuli originally developed by Da Costa et al. (2011). Each frequency block 

lasted 2 s and contained eight pure tone bursts of the same frequency, with each burst lasting 

either 50 ms or 200 ms in duration (inter-stimulus interval = 50ms). Tone durations were 

alternated in pseudo-randomized 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 

(Figure 2-1 A).  

 The choice of 2 s for our frequency block duration was primarily motivated to facilitate 

comparison with a traditional progression paradigm used in previous studies.  Supplementary 

Figure 2-1 shows the results of simulations that suggest  when the effects of BOLD adaptation 

(Soltysik et al., 2004) are included, the optimal block duration would be between 1 to 5 s. 

After sound system calibration, all stimulus sound intensities were adjusted according to 

a standard equal-loudness curve created for insert earphones (ISO 226) to approximate equal 
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perceived loudness across all frequencies. Actual sound intensities (65-83 dB SPL) matched the 

perceived loudness of a 1000 Hz tone (reference frequency) at 70 dB SPL. Acoustic noise from 

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

the ear following earphone insertion. Subjects reported hearing all tones to be clearly and 

comfortably audible, and of roughly equal loudness across all frequencies.  

 

Figure 2-1. Auditory pRF mapping stimuli  

 
(A) 3 example frequency blocks containing 8 pure tone bursts (50 or 200 ms). (B, C) 2 cycles (total 15 cycles per 

scan) of the ascending and descending tone progressions. (D) The first 120 frequency blocks of a random sequence 

scan. 
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Ascending /descending tone progressions  

Ascending/descending progressions were identical to those of Da Costa et al. (2011). The 

frequencies used were: 88, 125, 177, 250, 354, 500, 707, 1000, 1414, 2000, 2828, 4000, 5657, 

and 8000 Hz (half-octave steps). Each frequency block was presented for 2 s before progressing 

to the next higher (ascending progression, Figure 2-1 B) or lower (descending progression, 

Figure 2-1 C) frequency until all 14 frequencies had been presented. This 28 s frequency 

progression was followed by a 4 s silent pause and this 32 s cycle was repeated 15 times per 

scan, for total scan duration of 8 min. For each subject we carried out one ascending/descending 

stimulation session, during which subjects listened to 4 ascending progressions and 2 descending 

progressions.  

Random tone sequences  

 

For the random tone sequences (Figure 2-1 D), stimuli were arranged into 240 equally 

spaced frequency blocks (2 s) ranging from 88-8000 Hz. Each block was presented only once per 

scan and the frequency block order was randomly shuffled for each scan. Following every 60 

frequency blocks was a 12 s silent pause which allowed the pRF algorithm to estimate the 

baseline fMRI response in response to scanner noise alone (Zuiderbaan et al., 2012) to improve 

the accuracy of bandwidth measurements. The entire scan therefore lasted a total of 8 min 48 s. 

Each subject participated in a single random tone sequence scanning session, consisting of 6 

scans, each containing a different random sequence of the same tones. Our goal in presenting 

random tone sequences was to reduce spatial and temporal correlations between neighboring 

frequencies in the stimulus sequence, thereby reducing the influence of spatiotemporal 

nonlinearities on pRF estimates. 
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Magnetic resonance imaging 

Functional magnetic resonance images were acquired with a 3T Phillips Achieva scanner 

(Philips, Eindhoven, The Netherlands) at the University of Washington Diagnostic Imaging 

Sciences Center (DISC) using an 8-channel head coil. Foam padding minimized head motion.  

Acquisition Sequences 

 

A common issue with tonotopic mapping protocols is the reliability of frequency 

measurements estimated in the presence of loud acoustic scanner noise that can interfere with or 

mask the hemodynamic responses to presented stimuli (Langers et al., 2005). While sparse 

scanning techniques limit the effects of acoustic noise, they require a marked increase in the 

amount of scanning time needed as compared to continuous acquisition (Hall et al., 1999;  

though see Petkov et al., 2006; Humphries et al., 2010).  

In order to examine the reliability of the pRF estimates calculated in the presence of 

acoustic scanner noise, data were gathered using two acquisition sequences: a standard EPI 

sequence and an attenuated EPI sequence designed with Philips SofTone software (SofTone 

factor of 4.0) to generate quieter scanner noise. Acoustic scanner noise was recorded from inside 

the coil for both acquisition types (for both 27 and 35 slices, since the slice number can also 

influence acoustic noise) using an MR-compatible fiber-optic microphone (FOMRI-II, 

Optoacoustics) placed within the scanner bore and saved in WAV format using Matlab. The 

overall A-weighted sound pressure levels (dBA) were also collected for both acquisition types 

using a B&K sound level meter model 2250. 

 A frequency spectrum of the recorded scanner noise was obtained for each acquisition 

type by performing a discrete Fast Fourier Transform and calculating the resulting frequency 



22 
 

component magnitudes. The standard EPI sequence generated an overall louder (122 dBA) 

auditory scanner noise peaking at approximately 1000 Hz; while the attenuated EPI sequence 

generated quieter (105 dBA) scanner noise peaking at approximately 350 Hz, see 

Supplementary Figure 2-2. 

Each session contained six scans. Three functional scans were collected using the 

standard EPI sequence (35 slices, TR/TE = 2000/25 ms, flip angle = 80°, EPI-factor = 51, no 

slice gap). After discarding the first 5 timeframes of each functional scan, ascending/descending 

session scans consisted of 240 acquisitions at an effective voxel size of 2.0 x 2.0 x 3.00 mm
3
 

(FOV= 264 x 264 x 105 mm
3
, matrix size= 132 x 132 x 35). Random tone sequence scans 

consisted of 260 volumes at an effective voxel size of 2.33 × 2.33 × 2.33 mm
3
 (FOV = 224 x 224 

x 81.55 mm
3
, matrix size= 113 x 113 x 35). 

The other three scans were collected utilizing the Philips SofTone parameter, which 

reduces acoustic noise by controlling the shape of the gradient waveform independent of the 

amplitude. This change in the gradient waveform required either the number of slices to be 

reduced or the TR to be lengthened. We chose to maintain the 2 s TR and reduce the number of 

slices while increasing the voxel size to maintain roughly similar volume coverage (27 slices, 

TR/TE = 2000/25 ms, flip angle = 76°, EPI-factor = 39, no slice gap). Both 

ascending/descending session and random tone sequence scans consisted of 260 volumes at an 

effective voxel size of  2.75 × 2.75 × 3.00 mm
3 

(FOV = 220 x 220 x 81 mm
3
,
 
matrix size= 80 x 

80 x 27).  

Voxel volume differed across ascending/descending standard EPI sequences (12 mm
3
) 

and random tone standard EPI sequences (12.65 mm
3
). This change was made to provide a 

compromise voxel size which had an intermediate in-plane resolution (2.33 x 2.33 mm
2
) in 
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between that of the standard (2.0 x 2.0 mm
2
) and attenuated (2.75 x 2.75 mm

2
) EPI sequences, 

and was also chosen to create isotropic voxels. However, by replicating all analyses described 

below using only attenuated EPI acquisition sequences, we confirmed that differences in voxel 

size were not responsible for any observed differences between ascending/descending and 

random tone sequences. 

For the attenuated sequence we used a significantly larger voxel volume (22.69 mm
3
), 

which likely increased signal to noise (by a factor of ~1.6) at the cost of lower spatial resolution 

(Triantafyllou et al., 2005). However this decrease in non-physiological signal to noise seemed 

not to have a dramatic effect on pRF estimate reliability. 

MR Pre-processing 

For analysis, data were resampled into 1 x 1 x 1 mm
3
 volumetric space. 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 and high-pass 

filtering (cut-off: 2 cycles per scan). Functional data were aligned to the T1-weighted anatomical 

image acquired in the same session (MPRAGE, 1 x 1 x 1 mm
3
). The anatomical images acquired 

in the two sessions were aligned to each other and to each subject’s 3D Talairach-normalized 

anatomical dataset. 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. 

Voxel Selection 

 

For each subject, large regions of interest (ROIs) were selected from the partially inflated 

left and right hemisphere cortical surface meshes using drawing tools within BrainVoyager QX. 

ROI borders were drawn generously to include all voxels within a contiguous region of auditory 
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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. Surface ROIs for each subject 

are shown in Supplementary Figure 2-3. These surface ROIs were then mapped back into the 

brain volume and expanded to include voxels from -1 to 3 mm around the gray-white matter 

boundary to assure that inaccuracies in the definition of the gray-white matter boundary did not 

affect the selection of voxels for data analysis. Rather than projecting this surface ROI into the 

functional volumes, we chose to index the voxels in anatomical space (at the cost of increased 

computation time). Preprocessed time-course data for each 3D anatomical voxel within the 

volume ROI were then exported to Matlab for further analysis.  

PAC ROI 

  A functionally defined PAC ROI corresponding to hA1 and hR defined on the basis of 

the tonotopic gradients and informed by the underlying anatomy (illustrated by the solid black 

lines in Figure 2-2, Figure 2-3, Figure 2-5, and Figure 2-7), was generated to compare 

bandwidth data across regions.  A contiguous patch of cortical surface containing two primary 

tonotopic gradients centered on low frequencies on HG was manually selected for each 

hemisphere of individual subjects (Da Costa et al., 2011; 2013). Anterior and posterior borders 

drawn along the outer high-frequency representations were primarily based on the tonotopic 

maps generated using the random tone sequences and pRF analysis. Quantitative comparisons of 

the size and similarity of PAC ROI identifications when using either the phase-encoding analysis 

or the pRF analysis are shown in Supplementary Figure 2-4. ROI similarity was assessed using 

the Jaccard similarity coefficient (Jaccard, 1912) according to the equation: 

𝐽(𝐴, 𝐵) =
|𝐴∩𝐵|

|𝐴∪𝐵|
                (1) 
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where the size of the intersection between voxels included in ROI A and ROI B is divided by the 

size of the union of voxels included in ROI A and ROI B. Lateral and medial borders were 

conservatively drawn to include only the medial two-thirds of Heschl’s gyrus (Rademacher et al., 

2001). Auditory responsive regions outside of this ROI are referred to as non-PAC 

 

Analyses 

Phase-encoding analyses 

Phase-encoding analyses on the ascending/descending tone progressions were based on 

Da Costa et al. (2011). Using Brain Voyager, a hemodynamic time course was predicted in 

response to the first 2 s sound block of each stimulus cycle, based on that individuals estimated 

hemodynamic response function (HDR, see below for how this was estimated). It was assumed 

that there was no response to the remainder of the stimulus cycle. This cyclical model function 

was shifted successively in time in 2 s increments (corresponding to the TR) to generate 14 time-

lagged functions. Linear correlation was applied (between all 14 time-lagged functions and the 

measured fMRI time course) on a per-voxel basis. Each voxel was then color coded according to 

the lag function resulting in the highest correlation value with its time course (“winner-take-all”). 

Lag values were then separately averaged for ascending progression scans (4 scans) and the 

descending progression scans (2 scans) for each voxel within the ROI and were exported to 

MATLAB (Mathworks, version 7.11). As in the pRF analysis, only voxels with a correlation 

threshold of 0.10 were considered “tonotopic” and included for further analysis.  

pRF analyses 
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Our pRF model computes the population receptive field for individual voxels based on a 

linear temporal model of the fMRI BOLD response time course. All population receptive field 

(pRF) analyses were carried out using custom software written in MATLAB.  

The pRF analysis begins with a definition of the stimulus time course s(f,t), provided to the 

model as a matrix of binary values marking the presence or absence of auditory stimulation over 

frequency and time. To generate a hemodynamically blurred stimulus time course r(f,t), the 

stimulus time course was convolved with the estimated hemodynamic response function 

modeled as a gamma function h(t):               

 ℎ(𝑡) =  
(

𝑡−𝛿

𝜏
)

(𝑛−1)
𝑒

−(
𝑡−𝛿

𝜏
)

𝜏(𝑛−1)!
                               (2) 

with the initial parameters n=3, tau (τ)= 1.5, and delay (δ)=1.8, based on Boynton et al. (1996). 

The hemodynamic response function (HDR) parameters tau and delay were subsequently 

optimized for individual subjects (as described below).  

 𝑟(𝑓, 𝑡) = 𝑠(𝑓, 𝑡) ∗ ℎ(𝑡)               (3) 

We estimated the population response using a one-dimensional Gaussian function g(f), 

defined over log frequency. The frequency center (f0) corresponds to the best frequency, while 

the standard deviation (σ) was used to estimate bandwidth by transforming the values into 

octaves and then calculating the full width half maximum (FWHM) of the Gaussian function. To 

create the predicted time series, we calculated the linear sum of the overlap between the input 

stimulus after hemodynamic blurring with the Gaussian receptive field for each basis function, 

g(f): 

𝑝(𝑡) = ∫ 𝑟(𝑓, 𝑡)𝑔(𝑓) 𝑑𝑓                     (4) 

Model fits for each voxel were obtained by finding values that maximized the correlation 

between the predicted and actual fMRI time-courses. The initial parameters for frequency centers 
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(f0) spanned the range of the stimulus from 88 to 8000 Hz, and initial standard deviation (σ) 

values ranged from 0.5 to 4. The best fitting parameters from this set were then used as initial 

parameters for a nonlinear search algorithm (Matlab’s fminsearch function) which uses 

unconstrained nonlinear minimization to find the pRF model parameters f0 and σ that maximize 

the correlation between the pRF predicted time-series and the BOLD data.  

We then estimated each individual subject’s auditory HDR by holding f0 and σ fixed and 

finding the best fitting parameters for τ and δ. To limit computational time this estimate was only 

carried out on a subset of voxels (1 out of every 6) within the anatomically defined ROI, after 

checking that restricting our estimation to a subset of voxels did not have an appreciable effect 

on the estimated HDR. Median (across all voxels with a fitted correlation value above 0.25) τ 

and δ parameters were used to provide the estimate of that individual’s HDR. We then iteratively 

fit the pRF parameters (f0 and σ) for all voxels within the ROI, using the individually fitted HDR 

parameters. Individual HDR parameters are reported in Supplementary Table 2-1.  

The procedure described above had some minor modifications from the original 

implementation of Dumoulin and Wandell (2008). First, similar to Zuiderbaan et al. (2012) we 

jointly fit  individual HDR and pRF parameters using a single dataset (rather than estimating the 

HDR using a separate dataset). Second, we convolved the hemodynamic response function 

before calculating overlap with the pRF rather than afterwards. This is mathematically identical 

but significantly reduces computation time, since once the HDR parameters have been estimated 

the convolution of the stimulus image with the HDR only has to be carried out once. Finally, we 

maximized the correlation between the predicted, p(t), and the obtained time courses rather than 

minimizing root mean squared error. The amplitude of each Gaussian pRF was estimated after 

fitting, based on the linear regression between the predicted and obtained time courses.  
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After fitting, only voxels that met the following criteria were retained for further 

analyses: (1) the correlation between the observed fMRI response time-course and that predicted 

by the best-fitting pRF (our goodness-of-fit index) was higher than 0.10 and (2) the standard 

deviation (σ) of the best fitting pRF was between 0.01-2 in log frequency space, or .0332-6.64 in 

octaves (chosen based on the resolution and the range of the frequencies presented). These limits 

were chosen because at bandwidths below 0.0332 the voxel would respond to a single presented 

frequency, and with bandwidths above 6.64 the voxel would respond similarly to all frequencies 

presented.  

Unlike the “winner-take-all” phase-encoded analysis, the pRF method is not limited to 

fitting frequency centers within the range of frequencies (88 and 8000 Hz) presented in the 

stimulus. However frequency center estimates outside this range are likely to be somewhat 

inaccurate. We included well-fit voxels with frequency center values beyond the imposed 

frequency cutoffs in Figure 2-2 and Figure 2-3 and the histograms in Figure 2-4, but simply 

categorized them as high-pass (HP) or low-pass (LP).  

Comparison of different acquisition sequences 

  The consistency across the two acquisition sequences was calculated as a Pearson 

correlation coefficient (rxy) across the frequency center and bandwidth estimates from three 

random tone sequence scans of both acquisition types. We additionally computed mean (across 

subjects) “non-attenuated” correlation coefficients (rx’y’) for both frequency center and 

bandwidth values according to the equation: 

𝑟
𝑥′𝑦′=  

𝑟𝑥𝑦

√𝑟𝑥𝑥𝑟𝑦𝑦

                                                                                 (5) 
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 where rxx and ryy are the correlation coefficients across single scans of the same acquisition 

type. Non-attenuated correlation provides a measurement of the correlation across two different 

scan types having factored out measurement error as estimated using scans of the same 

acquisition type (Spearman, 1904; Muchinsky, 1996).  

Effect of frequency center distribution on bandwidth estimates 

Since pRF bandwidth estimates are dependent on the distribution of frequency centers of 

the underlying receptive fields, we estimated the effects of systematic frequency gradients and 

hemodynamic spatial blurring on bandwidth values estimated from the random tone sequence 

scans. For each subject, we estimated the slope of the change in frequency center within each 

voxel, based on the frequency centers of neighboring voxels. For every voxel for which the pRF 

model was successfully fit, we found the neighboring voxels within a 3mm radius (results were 

not highly dependent on the choice of radius). We then assumed that the frequency sweep within 

the voxel of interest consisted of a linear gradient between its best fitting frequency and those of 

its neighbors to predict the increase in bandwidth size due these factors. 

Estimation accuracy 

A bootstrapping procedure (to remove variability due to selection of the subset of scans 

to be included in the estimate) was carried out whereby the standard error of the frequency center 

or bandwidth was repeatedly estimated for 2-6 of the random tone sequence scans, irrespective 

of acquisition type.   Estimation variability was calculated in terms of both standard error of the 

mean (SEM) and the relative standard error (RSE) of the mean frequency center or mean 

bandwidth estimate according to the equation: 

RSE =
100×STD

(𝑥̅√𝑛)
                (6) 
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Where STD is the standard deviation of the frequency center or bandwidth estimate (corrected 

for biases due to being a small sample using Cochran’s theorem), n is the number of scans 

included in the estimate and 𝑥̅ is either the mean frequency center or mean bandwidth estimate 

(Cochran, 1934).  

Double Gaussian model 

Data were also fit with a double Gaussian center surround model (Zuiderbaan et al., 2012). 

The surround bandwidth was constrained (using a cost function) to be larger than the center 

bandwidth and to be less than 6.64 octaves. The amplitude of the surround was not constrained to 

be negative. The difference in fit between the single and double Gaussian model was assessed 

using a nested model F-test. The original single Gaussian model had 2 free parameters 

(frequency center and bandwidth, with the amplitude fixed at 1) while the double Gaussian 

model had 2 additional parameters describing the width and the amplitude of the “surround”. 

 

Results 

 

Tonotopic maps as a function of both stimulus and analysis methods  
 

Figure 2-2 shows tonotopic maps using the ascending and descending tone progressions 

on the left hemisphere cortical surface mesh for two typical subjects.  Phase-encoded maps were 

generated using either an average of four scans of the ascending tone progressions (left panel) or 

an average of two scans of the descending tone progressions (middle panel).  Maps using the 

pRF method for ascending and descending tone progressions (right panel), were generated from 

all six (equally weighted) functional scans. Separate maps for the right hemisphere of these 

subjects are shown in Supplementary Figure 2-5. 
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Figure 2-2. Tonotopic Maps using Ascending and Descending Progressions 
Tonotopic maps for the left hemisphere of Subject 3 (first row) and Subject 4 (second row). Maps were 

calculated using either: ascending tone progressions (4 scans) analyzed using phase-encoding (left panels), 

descending tone progressions (2 scans) analyzed using phase-encoding (middle panels), or ascending/descending 

tone progressions (6 scans, therefore weighted towards the ascending tone progressions) analyzed using the pRF 

method (right panels). Frequency center (f0) values are color-coded along a gradient, with red corresponding to the 

lowest frequency value (88 Hz) through blue corresponding to the highest frequency (8000 Hz). Low-pass (LP) 

voxels are colored dark red, while high-pass (HP) voxels are colored dark blue. The borders of the PAC ROIs are 

designated by the solid black lines. The crowns of gyri are indicated by the dashed black lines. Across all 

figures/analyses the same correlation threshold of 0.10 was used, unless otherwise stated. 
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Figure 2-3. Tonotopic Maps using Random 

Tone progressions 

Frequency center (f0) values are color-coded along a 

gradient, with red corresponding to the lowest frequency 

value (88 Hz) through blue corresponding to the highest 

frequency (8000 Hz). Low-pass (LP) voxels are colored 

dark red, while high-pass (HP) voxels are colored dark 

blue. The borders of the PAC ROIs are designated by the 

solid black lines. The crowns of gyri are indicated by the 

dashed black lines.  

Tonotopic maps generated using the random 

tone sequences and the pRF method from an 

average of six (equally weighted) functional 

scans are shown for both hemispheres of all 

four subjects in Figure 2-3. All maps are based 

on scans from both the standard and attenuated 

EPI acquisition protocols since, as described 

below, frequency center estimates were highly 

correlated across the two types of acquisition 

protocol. The frequency center values of 

individual voxels are color-coded along a 

gradient, with red corresponding to the lowest 

frequency value (88 Hz) through blue 

corresponding to the highest frequency tested 

(8000 Hz), as in Figure 2-1. Low-pass (LP) 

voxels are colored dark red, while high-pass 

(HP) voxels are colored dark blue. Across all 

figures/analyses the same correlation threshold 

of 0.10 was used. Across both stimulus types 

and analysis methods, clear mirror-symmetric 

tonotopic gradients, corresponding to the PAC 

subdivisions hA1 and hR, are visible. These 
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mirror-symmetric gradients reversed at a low frequency border, centered either on the crown of 

HG (Subject 1 and 3 in Figure 2-3) or within the sulcus intermedius (SI) between the 

duplications of HG (Subject 2 and 4 in Figure 2-3). This low frequency region was flanked 

both caudally (hA1) and rostrally (hR) by high frequency regions creating a “high-low-low-

high” gradient reversal extending across HG. In certain cases, areas hA1 and hR appear to be 

oriented in a V-shape (Subject 2 and 4 in Figure 2-3) with the high frequency endpoints 

situated more medially than the low frequency center. The maps generated for ascending and 

descending progressions and analyzed with either phase-encoding or pRF analysis are very 

similar, as can be seen in Figure 2-2 and here in Table 2-1.  

 

Table 2-1. Correlation coefficients between frequency center (f0) values 

 

Correlation coefficients between frequency center (f0) values estimated using different stimulus sequences (A: 

ascending progressions, D: descending progressions, AD: ascending/descending progressions; R: random tone 

sequences) and analysis methods (PE: phase-encoding; pRF: pRF analysis). In each case correlation coefficients 

were calculated after having calculated frequency centers using scans collapsed across acquisition type. Separating 

data acquired using standard vs. attenuated acquisition EPI sequences did not change the pattern of results (data not 

shown).  
 

 While the general position of the gradient reversal was very consistent across 

ascending/descending and the random tone sequence stimuli, there are noticeable differences in 

the distribution of frequencies between the maps even when both are analyzed using the pRF 

method (Figure 2-2 and 2-3 and Table 2-1).  
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Figure 2-4 shows stacked (across subjects) probability histograms of frequency center 

(f0) values estimated for both stimulus types and analysis methods, collapsed across acquisition 

protocols.  

 

Figure 2-4. Probability histograms of frequency center (f0) values 
Probability histograms of frequency center (f0) values for voxels in left and right hemispheres, stacked across 

subjects for the tonotopic maps of Figures 2-2 and 2-3 calculated for ascending progressions analyzed using phase-

encoding (first panel), descending progressions analyzed using phase-encoding (second panel), 

ascending/descending tone progressions analyzed using the pRF method (third panel), or random tone progressions 

analyzed using the pRF method (fourth panel). The number of voxels is normalized so each subject contributes 

equally. The colors correspond to the individual subjects. 



35 
 

The histograms for the ascending and descending tone progression stimuli show a strong double 

peak with very strong representations of higher and lower frequencies – this double peak was 

visible when these data were analyzed using either “winner-take-all” phase encoding or the pRF 

analysis . This double peak was also robust to the choice of threshold – remaining equally salient 

across thresholds ranging between 0.1 (Figure 2-4) through 0.35. This double peak was even 

more noticeable in single scan data. Because the ”winner-take-all”  model did not allow for lag 

values greater than 14 or less than 1, noise within individual scans is not zero mean. That pushes 

f0 away from the boundary values (towards the center) when averaging across multiple scans.  In 

contrast, the histogram for the random tone sequence stimuli has a different shape, with a heavier 

representation of mid-range frequencies. In addition, as might be expected from the approximate 

range of human hearing (20 Hz-20 kHz) and primate physiology data (Cheung et al., 2001) a 

reasonable proportion of voxels were characterized as high pass (HP), while few voxels were 

characterized as low pass (LP).  

pRF measurements of bandwidth   

Bandwidth measurements from random tone sequences are shown in Figure 2-5. 

Bandwidth estimates are not reported for the ascending/descending sequences for reasons 

discussed below. Bandwidth maps were generated from an average of all six random tone 

sequence functional scans using both the standard and attenuated EPI acquisition protocols since, 

as described below, the two types of acquisition protocol produced similar bandwidth estimates. 

For bandwidths between 1-8 octaves, color coding of the bandwidth map is linear. Narrow 

bandwidths (< 1 octave) were color coded as red, and broad bandwidths (> 8 octaves) were 

coded as blue. 
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We did not find a significant correlation 

between bandwidth and frequency center 

values (r = 0.046). Nor did we find a clear 

bandwidth gradient running orthogonal to the 

tonotopic gradient for any individual subjects 

(using a gradient analysis similar to that used 

by Petkov et al. (2006), data not shown). 

However, as shown in Figure 2-6, we did find 

that bandwidth values were smaller in the PAC 

than in non-PAC regions. A 2-way ANOVA 

testing Area (PAC vs. Non-PAC) x 

Hemisphere (Left vs. Right) found a significant 

main effect of Area [F (1, 12) = 16.36 p = 

0.002] on mean bandwidth value. There were 

no significant main effect of Hemisphere [F (1, 

12) = 0.54, p < 0.476] and no significant 

interaction of Area vs Hemisphere [F (1, 12) = 

0.07, p < 0.8017]. While bandwidths were 

overall narrower in PAC than in surrounding 

non-PAC areas, our findings do not support the 

use of bandwidths as the sole criteria for defining 

PAC borders since there was significant 

Bandwidth maps for all four subjects. Bandwidth 

values are color-coded along a gradient with red 

corresponding to the narrow bandwidth values (<1 

octave) through blue corresponding to the broader 

bandwidth values (>8 octaves).  

 

Figure 2-5. Bandwidth maps 
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heterogeneity of bandwidths within our tonotopically defined PAC ROI. We estimated the 

effects of systematic frequency gradients and hemodynamic spatial blurring on bandwidth size. 

These estimates predicted that shifts in frequency preference as a function of distance across the 

cortical surface is likely to have increased our bandwidth estimates by a median value of ~10%.   

 

 

 

Figure 2-6. Bandwidth values across cortical areas 

 

 

 

Bandwidths are narrower within the PAC than in outlying non-PAC areas. As described in the main 

text, a 2-way ANOVA found a significant main effect of cortical area (PAC vs. non PAC) on mean 

bandwidth value. 
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Finally, we found a positive correlation between activation levels (GLM t-value, shown 

in Supplementary Figures 2-6 and 2-7) and bandwidth estimates (random tone sequences only), 

as shown in Supplementary Figure 2-8.  Broader tuning results in a higher activation level 

across the duration of the sound condition, leading to stronger responses in the sound vs. silence 

contrast. 

Comparison of different acquisition 

sequences 

Tonotopic maps and bandwidth maps looked 

very similar across standard and attenuated EPI 

sequences. Figure 2-7 shows an example from 

Subject 3, generated from the random tone 

sequences and fitted using the pRF analysis 

technique. 

The scatter plots of Figure 2-8 directly compare 

frequency center and bandwidth values between the 

two acquisition sequences across all voxels that met 

our selection criteria for all four subjects. Neither 

the maps, nor the scatter plots show any obvious 

mis-estimation of frequency values near the peak 

of the scanner noise. 

(A) Tonotopic maps for example Subject 3 calculated 

using random tone progressions averaged across 

separate data sets of three scans using a standard EPI 

sequence and an attenuated EPI sequence, analyzed 

using the pRF method. Color coding is the same as 

Figure 2- 3. (B) Bandwidth maps for the same data 

and analysis. Color coding as in Figure 2-5. 

Figure 2-7.  Maps across Acquisition 

Sequences 
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Figure 2-8. Across Acquisition Types 

 
Scatter plots showing the correlation of frequency center (f0) (left panel) or bandwidth values (right panel) between 

the two acquisition sequences. Each data point represents a single voxel whose correlation (between the predicted 

and obtained time-course, calculated across the three scans of standard the attenuated acquisition protocols) was 

larger than our threshold of 0.1 for both acquisition sequences. The colors correspond to the individual subjects. 

 

Individual subject correlation coefficients between three scans of the attenuated EPI 

sequence and three scans of the standard EPI 

sequences are shown in Table 2-2. The mean 

(across subjects) non-attenuated correlation 

coefficient (which represents the correlation 

after parsing out measurement error) between 

standard and attenuated sequences was 0.813 

(varying between 0.742-0.965 across subjects) for 

frequency centers and 0.726 (varying between 0.566-

0.813 across subjects) for bandwidth estimates.  

Table 2-2. Correlation Coefficients 

Correlation coefficients for frequency center (f0) values 

and bandwidth estimates from random tone sequence 

data collected using standard vs. attenuated acquisition 

protocols for all subjects. In each case correlation 

coefficients were calculated after having calculated 

pRFs using all three scans of a given acquisition type. 
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Mean correlation coefficients between single scans of the same or different type of EPI 

sequence are shown in Supplementary Table 2-2.  While frequency center and bandwidth 

estimates were similar across the two acquisition sequences, further testing, including presenting 

stimuli using a sparse sequence, will be necessary to determine the extent to which acoustic 

scanner noise affects pRF estimation.  

Estimation accuracy 
 

Figure 2-9 shows pRF estimation variability as a function of the number of scans 

included in the estimate, for both frequency center (f0) and bandwidth. PRF estimation variability 

is presented in terms of standard error (SEM) of the mean frequency center (f0) or mean 

bandwidth estimate (leftward y-axis) and the percentage standard error (% STE) of the mean 

frequency center (f0) or mean bandwidth estimate (rightward y-axis). 

 

  Figure 2-9. Estimated Standard Error 

 

Estimated standard error of frequency (f0) (left panel) and bandwidth (right panel) estimates as a function of 

the number of scans. The x-axis represents the number of scans included in the estimate, the leftward y-axis 

represents the standard error of the mean, and the rightward y-axis represents the relative standard error, as 

described in the main text. The colored markers correspond to the individual subjects. The mean (across 

subjects) is shown in black and error bars represent standard error across subjects. 
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Frequency estimates were remarkably reliable – with only 2 scans ( less than 9 minutes each) the 

estimated standard error was less than 5% of the estimated frequency center (f0), suggesting that 

a single scan is adequate to obtain a basic tonotopic map. Unsurprisingly, we find that bandwidth 

estimates were less accurate than frequency estimates: for our dataset a full session was required 

to obtain bandwidth estimates with standard error variability of less than 25%. Although we 

corrected for overlap in the sampled distributions using the Cochran correction, given the small 

number of scans on which these simulations were carried out, these estimates should be 

considered a rough guideline and may underestimate variance.  

 

Double Gaussian model 
 

The difference between the single and double Gaussian model was assessed using a 

nested model F test that examined the percentage of voxels that were fit significantly better using 

a double Gaussian model. In 2 of the four subjects less than 5% of voxels were better fit by the 

double Gaussian model – suggesting that the model did not provide any additional explanatory 

power. For Subjects 1 and 3, 14% and 17% of voxels respectively were significantly better fit 

with the double Gaussian model. For voxels that were significantly better fit by the double 

Gaussian model, Subject 1 had a median improvement of 33% (goodness-of- fit value of 0.24 for 

the single Gaussian model and 0.32 for the double Gaussian model). Subject 3 had a median 

improvement of 36% (goodness-of- fit value of 0.22 for the single Gaussian model and 0.30 for 

the double Gaussian model). For these better fit voxels, the median amplitude of the inhibitory 

surround compared to the center amplitude (fixed at 1) was -0.51 for Subject 1 and -0.50 for 

Subject 3 (note that the surround was not constrained to be negative). 
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Discussion 

 

We show here that a modified version of Dumoulin and Wandell’s (2008) pRF technique 

can be used to generate tonotopic and bandwidth maps of human auditory cortex. When using 

traditional ascending/descending tone progressions this method results in tonotopic maps that 

are very similar to those obtained using traditional phase-encoding analysis methods. However, 

unlike phase-encoding methods, the pRF method does not require an orderly sequence; instead, 

functional maps of auditory cortex may be derived from responses to a wide array of stimuli, 

including random or pseudo-random sequences. While maps generated using random tone 

progressions identified roughly similar tonotopic areas as those obtained using 

ascending/descending tone progressions, the exact boundaries of these areas, and the 

representation of frequencies within these areas was somewhat different. 

One advantage of the ascending/descending tone progression stimuli is that the maps 

generated from these stimuli are very robust. This makes progression stimuli well suited for 

determining whether an area is tonotopic and/or providing rough estimates of area boundaries 

based on frequency reversals when scan time is limited. However, as previously described, 

ascending/descending tone progressions are susceptible to habituation and/or expectation effects 

(Kastner et al., 1999) as well as other types of spatiotemporal nonlinearities (Zenger-Landolt and 

Heeger, 2003; Pihlaja et al., 2008) due to the “traveling wave” of BOLD activity on the cortical 

surface. This “traveling wave” improves signal to noise: goodness-of-fit index values were 

higher for ascending/descending tone progressions than for random tone sequences. However 

these effects also result in an over-emphasis of frequencies near the beginning or the end of the 

sweep (Duncan and Boynton, 2003; Dumoulin and Wandell, 2008; Haak et al., 2012; Binda et 

al., 2013; Langers et al., 2014a; 2014b). We therefore do not report bandwidth estimates for the 
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ascending/descending sequences as these effects can result in an overestimation of receptive 

field size, probably due to spatiotemporal blurring. Additionally the ascending/descending 

sequences had a half-octave separation between frequency blocks. This under-sampling made it 

impossible to accurately estimate narrower bandwidths (estimated bandwidths became infinitely 

small). In contrast, random tone sequences do not suffer from these biases and likely provide a 

more accurate method for measuring the finer-scale tonotopic and bandwidth organization. 

 

The organization of tonotopic gradients and tuning bandwidth 
 

Like previous studies, we identified two tonotopic gradients, thought to correspond to 

hA1 and hR (Formisano et al., 2003; Da Costa et al., 2011; Langers and van Dijk, 2011; Moerel 

et al., 2012; Da Costa et al. (2013)). These “high-low-low-high” mirror-symmetric gradients 

followed the morphology of the cortex, with the more posterior gradient corresponding  to hA1 

and the more anterior gradient corresponding to hR (Humphries et al., 2010; Da Costa et al., 

2011; Langers and van Dijk, 2011; 2013).   

Ours is the first fMRI study to examine bandwidth using the traditional psychoacoustic 

approach of randomly presented pure tones.  A variety of plausible organizations for bandwidth 

have been suggested in the literature, for example: (1) bandwidth varies systematically with best 

frequency (Recanzone et al., 1999; Cheung et al., 2001), (2) bandwidth gradients run orthogonal 

to tonotopic gradient (Petkov et al., 2006; Kayser et al., 2007b), and (3) tuning widths are 

narrower within the PAC than surrounding non-PAC regions (Petkov et al., 2006; Seifritz et al., 

2006; Moerel et al., 2012). 

While we did not find a significant correlation between bandwidth and frequency center 

values nor a clear bandwidth gradient, we did find that bandwidth values were significantly 
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smaller within PAC than in surrounding non-PAC regions. This is consistent with evidence from 

animal electrophysiology (Tian and Rauschecker, 1994; Rauschecker et al., 1995) and 

neuroimaging (Petkov et al., 2006; Kayser et al., 2007b). Additionally, a recent human study by 

Moerel et al. (2012) found some indication that bandwidths were narrower along HG. Here we 

find that the area of narrow bandwidths extends beyond the gyrus itself.  However, there was 

some heterogeneity of bandwidths within our tonotopically defined PAC, with regions of broad 

bandwidth consistently contained within the PAC borders. Therefore, unlike Moerel et al. (2012)  

we do not limit the PAC borders to the areas of narrowest tuning bandwidth.  

One caveat is that bandwidth estimates are more variable than frequency estimates, even 

when based on a full session of data. We believe this is not a limitation of our particular 

methods, since the reliability of our frequency estimates compare favorably with previous studies 

using similar techniques (Petkov et al., 2006; Humphries et al., 2010; Da Costa et al., 2011; 

Striem-Amit et al., 2011; Moerel et al., 2012). Thus, it is likely that additional methodological 

advances might reveal further topographical structure in bandwidth organization.  

What do auditory population receptive fields represent? 

It is not straightforward to extrapolate single neuron tuning-width data from responses 

within human fMRI voxels, since voxel-level BOLD signals include the responses of hundreds 

of thousands of neurons collectively across cortical layers and neuronal types (10
4
-10

5 
neurons 

per cubic mm in cortex). As described in Dumoulin and Wandell (2008), pRF estimates depend 

on the average receptive field of the population of neurons that drive the BOLD response. This 

population may be a biased sample of the underlying population. For example, the neurons 

driving the response may depend on the properties of the stimulus being used – it is possible that 
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different pRF estimates will be obtained using band pass noise or naturalistic stimuli (Moerel et 

al., 2012) than with our pure tone frequency stimulus. 

 Dumoulin and Wandell (2008) found that pRF estimates of visual receptive field size were 

systematically larger than single unit recording estimates, but were relatively closely matched to 

local field potential (LFP) estimates of receptive field size. Similarly, our bandwidth estimates   

were generally larger than those from single-unit recordings, which have been shown to range 

between one tenth of an octave to wider than five octaves in primates (Recanzone et al., 1999; 

Cheung et al., 2001), but were consistent with those measured using auditory field potentials 

(Kayser et al., 2007a).   

The use of forward models to examine auditory processing 

Similar to other “forward models”, the pRF method models the response properties of 

individual voxels, an approach that is becoming increasingly popular, see Naselaris et al. (2011) 

for a review. One advantage of such forward models is that they allow for flexibility in the 

choice of stimulus sequence. As previously mentioned, Moerel et al. (2012) used a forward 

model to examine tonotopic organization using naturalistic stimuli and found that the regions 

that showed preferential responses to human voice and speech were tuned to the lower range of 

the frequency spectrum. This tuning was apparent using both natural sound and simple tone 

stimuli. In our case we took advantage of this stimulus flexibility to examine tonotopic mapping 

using a more traditional psychoacoustic approach, using stimuli that consisted of randomly 

ordered pure tones.  

A second advantage of forward models is that they allow for the modeling of tuning 

properties of individual voxels. In our case, because we were specifically interested in frequency 

tuning and bandwidth, we used a very simple model, assuming a Gaussian in log space. In 
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contrast, Moerel et al. (2012) used a two-stage model that allowed them to directly estimate the 

spectral tuning of the voxel. However, to quantify frequency and bandwidth tuning a Gaussian 

was fit to this spectral response profile– thereby reducing their model to a close equivalent of 

ours. More recently, this same group did away with fitting a Gaussian to characterize multi-

peaked spectral tuning profiles, as opposed to single bandwidth value (Moerel et al., 2013).  

It is also possible to create more complex pRF models than a simple Gaussian – an 

approach intermediate between the spectral tuning model and the simple Gaussian pRF model 

we focus on in this paper. The improved fits for the double Gaussian model found within a 

subset of voxels in 2 of our 4 subjects suggest that some additional power may be obtained by 

permitting more complex frequency response profiles than a simple Gaussian (Zuiderbaan et al., 

2012). Other interesting future directions will include presenting multiple tones at once, thereby 

allowing measurement of response saturation (Kay et al., 2013) and the inclusion of alternative 

temporal response profiles including onset and offset responses (Harms and Melcher, 2003). One 

of the advantages of the pRF approach is that it provides an elegant framework within which to 

assess whether more complex models can provide additional insight into auditory BOLD 

responses.  

The pRF method described here also provides a natural methodology to examine 

differences in tuning as a function of various factors known to affect auditory processing such as 

attention (Da Costa et al., 2013), auditory training (Menning et al., 2000; Jäncke et al., 2001), 

musical experience (Pantev and Herholz, 2011),  or loss of vision early in life (Elbert et al., 

2002).  
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Supplementary Material 

 

 

 

 

 
 

 

Supplementary Figure 2-1. Simulation Results 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Results of a simulation examining the effects of frequency block duration on signal to noise. We assumed a fixed TR of 2 

s and a fixed scan length of 240 s. The auditory stimulus was modeled as a series of frequencies in random order, 

presented in tone bursts (blocks) of 1, 2 …10 or 15 s duration. Each voxel’s population receptive field was modeled as a 

Gaussian with a frequency center and bandwidth selected from the range found in our data. We assumed adaptation of the 

BOLD signal as a function of block duration based on data from Soltysik et al. (2004) who measured adaptation using a 

stimulus was roughly similar to ours: 440 Hz tones, each lasting 125 ms followed by a rest period of 125 ms, producing 

four tones per second. Two model predictions of the effects of tone duration are shown. For the temporally uncorrelated 

noise model  (red curve) the stimulus was convolved with the auditory HDR (tau =1.5, delay = 1.8) and the simulated time 

series was calculated as the linear sum of the overlap between the input stimulus after hemodynamic blurring with the 

Gaussian receptive field of that voxel. Zero mean Gaussian noise was then added to the time series. For the temporally 

correlated noise model (blue curve) zero mean Gaussian noise was added to the stimulus. This noisy stimulus was 

convolved with the auditory HDR (producing temporally correlated noise) and the simulated time series was calculated as 

the linear sum of the overlap between the noisy input stimulus after hemodynamic blurring with the Gaussian receptive 

field of that voxel. For both models, the amplitude of the noise was chosen to produce signal to noise similar to that found 

in our dataset for the 2 s block duration. As in the main paper, model fits for each voxel were obtained by finding the 

frequency center and bandwidth values that maximized the correlation between predicted and simulated fMRI time-

courses responses in each voxel over time. For each frequency block simulations for temporally uncorrelated and 

temporally correlated noise were repeated 60 times: each repetition consisted of a different set of 100 voxels and a 

different random tone sequence. The x-axis represents frequency block duration and the y-axis represents the mean cross-

correlation (over the 100 voxels) between simulated and estimated pRF frequency center and bandwidth values across the 

60 repetitions. Error bars represent standard error of the mean across repetitions. The effect of block duration was similar 

for temporally correlated and temporally uncorrelated noise (at least for the degree of temporal correlation that we 

simulated): according to both models the improvement in estimation accuracy as a function of block duration is highest 

between 1 to 5 s.   
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Supplementary Figure 2-2. Power Spectrums of Scanner Noise 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A power spectrum of the recorded scanner noise for both the attenuated EPI (dark red) and standard EPI (dark blue) 

sequences.  Noise recordings were made from inside the coil as described in the main text.  A frequency spectrum of the 

recorded scanner noise was obtained for each acquisition type by performing a discrete Fast Fourier Transform and 

calculating the resulting normalized frequency component magnitudes. For demonstration purposes only, measurements 

of scanner noise were generated for both acquisition types using both 35 slices and 27 slices. Data in the main paper were 

collected using 35 slices for the standard EPI sequence which produced an overall louder (122 dBA) auditory scanner 

noise peaking at approximately 1000 Hz, with a normalized frequency component magnitude around 0 dB; and 27 slices 

for the attenuated EPI sequence which produced an overall quieter (105 dBA) scanner noise peaking at approximately 

350 Hz with a normalized frequency component magnitude around -8 dB. 
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Supplementary Figure 2-3. 

Anatomical ROIs 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 ROI borders were drawn generously 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. 
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  Supplementary Figure 2-4. Comparisons of PAC ROI Size and Similarity 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A naïve lab member experienced in drawing cortical boundaries, delineated PAC ROIs for both hemispheres of each 

subject based on: (1) six random tone sequence scans using the pRF analysis (pRFR), (2) six ascending/descending 

tone progression scans using the pRF analysis (pRFAD), and (3) six ascending/descending tone progression scans 

using the phase-encoded analysis (PEAD). Mean values across subjects and hemispheres are shown in black. Panel A 
shows PAC ROI size as measured by number of anatomical voxels for both hemispheres of all four subjects. The 
right (R) hemispheres of individual subjects are shown with colored downward pointing arrows, left (L) hemisphere 
with colored upward pointing arrows. The defined size of PAC remained relatively consistent across both auditory 
stimulus and analysis types.  Panel B shows PAC ROI overlap across different types of stimuli and analyses. Overlap 
was measured using the Jaccard similarity coefficient for all three possible comparisons. 
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Supplementary Figure 2-5. Right Hemisphere Tonotopic Maps 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Tonotopic maps for the right hemisphere of Subject 3 (first row) and 4 (second row). Maps were calculated using 

either: ascending tone progressions (4 scans) analyzed using phase-encoding (left panels), descending tone 

progressions (2 scans) analyzed using phase-encoding (middle panels), or ascending/descending tone progressions (6 

scans) analyzed using the pRF method (right panels). Frequency center (f0) values are color-coded along a gradient, 

with red corresponding to the lowest frequency value (88 Hz) through blue corresponding to the highest frequency 

(8000 Hz). Low-pass (LP) voxels are colored dark red, while high-pass (HP) voxels are colored dark blue. The borders 

of the PAC ROIs are designated by the solid black lines. The crowns of gyri are indicated by the dashed black lines. 

Across all figures/analyses the same correlation threshold of 0.10 was used, unless otherwise stated. 
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A general linear regression model (GLM) using the 

single contrast of sound vs. silence was calculated 

from all six ascending/descending tone progression 

scans for each subject. Using a false discovery rate 

(FDR) criterion  of q < 0.05, the corrected 

thresholds for significance equaled p < 0.001. 

Supplementary Figure 2-6. GLM Results for 

Ascending/Descending Tone Progressions 
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 Supplementary Figure 2-7. GLM    

Results for Random Tone 

Sequences 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A general linear regression model (GLM) using the 

single contrast of sound vs. silence was calculated 

from all six random tone sequence scans for each 

subject. Using a false discovery rate (FDR) criterion  

of q < 0.05, the corrected thresholds for significance 

equaled p < 0.006. 
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Supplementary Figure 2-8. Scatter Plot of Correlation Values 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Scatter plot showing the correlation between the single contrast sound vs. silence GLM activation levels (t-

value) and the bandwidth values for single voxels calculated from all six random tone sequence scans for 

each subject. The colors correspond to the individual subjects. There is a positive correlation between 

activation levels (t-value) and bandwidth estimate.  Broader tuning results in a higher activation level across 

the duration of the sound condition leading to stronger responses in the sound vs. silence contrast. 
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Supplementary Table 2-1.  Individually fitted HDR parameters 

 

 
 

 

 

 

 

 

 

 

 

Supplementary Table 2-2. Average correlation coefficients 

 

 

 
 

 

 

 

 

 

 

 

 

 

Average correlation coefficients for frequency center (f0) values and bandwidth estimates from random 

tone sequence data calculated between either two single scans of the same acquisition type, or two single 

scans of different acquisition types. 
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Chapter 3: Reconstructing auditory sequences from fMRI BOLD 

responses within human primary auditory cortex. 

 

 

Abstract 

 

 Using fMRI BOLD responses in human primary auditory cortex (PAC) we show that it is 

possible to not only decode a song-like sequence of auditory frequencies a person had been 

listening to, but also estimate the individual frequencies of the ‘song’ over time. First, we 

characterized the tonotopic organization of each subject’s auditory cortex by measuring auditory 

responses to randomized set of pure tone stimuli and modeling the frequency tuning of each 

fMRI voxel as a Gaussian in log frequency space. Then, we tested our model by examining its 

ability to work in reverse. Auditory responses were re-collected in the same subjects, except this 

time while they listened to sequences of tones taken from simple songs (e.g. ‘Somewhere Over 

the Rainbow’). By comparing the model’s prediction of BOLD responses to actual BOLD 

responses, we were able to estimate the frequency of each note in the song and reconstruct the 

stimulus over time. This allowed us to determine which song subjects had been listening to.  The 

ability to accurately reconstruct the auditory experience of an individual over time using non-

invasive measurements of brain activity should provide a powerful method for studying the 

neurological basis of both enhancements and deficits in auditory perception.   

 

Introduction 

 

A variety of BOLD imaging studies have identified a pair of mirror-symmetric tonotopic 

gradients on the cortical surface thought to be the human homologues of primary areas A1 and R 
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(Formisano et al., 2003; Humphries et al., 2010; Da Costa et al., 2011; Langers and van Dijk, 

2011; Moerel et al., 2012; 2013).  The general organization of these tonotopic gradients has been 

shown to be highly replicable across diverse imaging paradigms (Langers et al., 2014b; Saenz 

and Langers, 2014) and a range of stimulus types including orderly frequency progressions 

(Talavage et al., 2004; Da Costa et al., 2011; Striem-Amit et al., 2011; 2013; Langers et al., 

2014a) as well as more complex natural stimuli (Moerel et al., 2012). While it is apparent this 

overall gradient pattern is highly replicable, the accuracy in which these maps have modeled the 

explicit tonotopic organization is unclear.   

For example, it is possible to obtain robust tonotopic maps by evaluating BOLD 

responses to only a few discrete frequencies using a general linear model (GLM) (Formisano et 

al., 2003; Woods and Alain, 2009; Humphries et al., 2010). However, these models likely fail to 

capture the explicit representation of frequency selectivity in the auditory cortex, which is 

thought to represent a rather 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” 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 nonlinearities (Binda et al., 2013; Thomas et al., 2015). Moreover, the 

complex morphology and small size of auditory cortical areas makes them highly susceptible to 

these biases (Saenz and Langers, 2014). As such, tonotopic maps produced with these ordered 

stimuli can vary dramatically depending on the on the direction of the frequency sweep (Da 

Costa et al., 2011). 

 Stimulus-specific biases are particularly concerning for studies relating cortical 

responses to acoustic behavioral performance, which clearly would require the tonotopic 
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organization of the cortex to be accurately modeled. Previously, we described a ‘population 

receptive field’ or pRF analysis that makes it possible to use an unpredictable randomized 

stimulus to estimate the frequency tuning curves of individual voxels (Thomas et al. 2015, also 

see Dumoulin and Wandell, 2008), and suggested that this unpredictable stimulus might serve to 

reduce stimulus-specific biases in estimates of tonotopic organization (Binda et al., 2013).  

Here, we present a method for investigating the accuracy of our voxel-wise frequency 

tuning curves by examining how well our model can generalize to predict responses to novel 

stimuli. Specifically, we examined whether tonotopic maps generated using randomized tones 

could be used to decode and reconstruct the sequence of notes in a ‘song-like’ stimulus on the 

basis of an individual subjects’ BOLD responses over time. Next we measured cortical responses 

in the same subjects to novel song-like stimuli, based on the melodies “When You Wish Upon A 

Star” (Harline et al., 1940) and “Over The Rainbow” (Arlen and Harburg, 1939). Then, using a 

parametric decoding method, we reconstructed 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.  

The quality of the stimulus reconstruction was quantified in two ways: Identification 

performance and reconstruction accuracy. Identification performance was assessed as the ability 

to correctly identify the actual song over other similar song-like sequences. Using an algorithm 

based on first-order Markov chains, we simulated 1000 song-like sequences analogous to the 

tested sequences.  Identification performance was then determined as the number of times in 

which the actual sequence was correctly identified over any of the simulated song-like 

sequences. Reconstruction accuracy was assessed as the residual difference in cents (1200 cents 

per octave) between each note in the reconstructed and actual sequences. 
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Using a combined auditory pRF encoding/decoding approach, we found that we could accurately 

identify and reconstruct the ‘song-like’ stimuli over time on the basis of BOLD responses, 

thereby demonstrating the predictive accuracy of our tonotopic model of PAC. 

Materials and Methods 

 

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

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

All procedures, including recruitment, consenting, and testing, followed the guidelines of the 

University of Washington Human Subjects Division and were reviewed and approved by the 

Institutional Review Board. 

 

MRI data acquisition and analysis 

BOLD imaging was performed using a 3 Tesla Phillips Achieva scanner (Philips, 

Eindhoven, The Netherlands) 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  x 2.8 x 2.8 mm
3
, TR/TE = 2000/25 ms, flip angle 

= 60°, EPI-factor = 35, no slice gap) 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 slice scan time 

correction, temporal high-pass filtering, and 3D motion correction. Functional data were aligned 

to a T1-weighted anatomical image acquired in the same session (MPRAGE, 1 x 1 x 1 mm
3
). 
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The anatomical images acquired in the two sessions were aligned to each other and to each 

subject’s 3D Talairach-normalized anatomical dataset. The BrainVoyager QX automatic 

segmentation routine was used to reconstruct the cortical surface 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.  

 

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 Hz to 8 kHz. After sound system calibration, all stimulus sound intensities 

were adjusted according to a standard equal-loudness curve created for insert earphones (ISO 

226) to approximate equal perceived loudness across all frequencies. Acoustic noise from the 

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

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

audible level, with roughly equal loudness across all tones.  

 

pRF estimation  

To reduce the influence of spatiotemporal nonlinearities on pRF estimates, we measured 

fMRI responses to a high-resolution randomized pure tone sequences consisting of 240 

frequency blocks. As shown in Figure 3-1 A, each block lasted 2 s and consisted 8 pure tone 
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bursts of a single frequency.  Each burst lasted either 50 ms or 200 ms in duration (inter-stimulus 

interval = 50ms) 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 ranged from 88-8000 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. 

 

 

Figure 3-1. pRF estimation 

 

 

 

 

Following previously described methods, we used customized MATLAB software to 

estimate the frequency tuning curves for individual voxels based on a linear temporal model of 

A. The first 60 s of a random sequence stimulus used during pRF estimation. Each block lasted 2 s and consisted 8 

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

50ms) 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. 
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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 frequency over 

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

response function (HDR) modeled as a gamma probability density function (Boynton et al., 

1996). Each voxel’s response was modeled using the 1-dimensional Gaussian function g(f), 

defined over frequency (in log space). The center (f0) of each Gaussian corresponds to the best 

frequency of the voxel, while the standard deviation (σ) was transformed into bandwidth values 

by calculating the full width half maximum (FWHM) in terms of octaves. A predicted 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 nonlinear search algorithm that iterated towards model 

parameters that maximize the correlation value (goodness-of-fit) between the voxel’s pRF 

predicted time course and the acquired fMRI BOLD response time course.   

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

analysis. First, we applied static power-law nonlinearity to the Gaussian model by including a 

free exponent parameter (n) to account for non-linear summation of the BOLD response 

according to the compressive spatial summation (CSS) model developed by 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. Second, we constrained the Gaussian standard deviation (σ) to values greater than 

0.015 (due to the resolution of frequencies presented) and exponent parameter (n) to values 

between 0 and 1.  
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After fitting, only voxels with a pRF correlation value (goodness-of-fit) above 0.15 were 

retained for song decoding (526, 529, 244 voxels for subjects S1-S3, respectively). As 

demonstrated in Figure 3-1 B, 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 organization was observed for either pRF bandwidth values (average 

bandwidth in octaves ± SD, S1= 3.385 ± 2.807, 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). 

 

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 880-2349 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. 
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We decoded both song-like sequences by reconstructing each sequence one block at a 

time. To do this, we utilized the pRF models previously estimated with the randomized sequence 

to generate the predicted voxel activity patterns elicited by a set of 14 frequencies which sampled 

88-8000 Hz in half-octave steps. The best fitting frequency from this set is then used as the initial 

parameter for a nonlinear optimization fitting procedure (Matlab’s ‘fminconv’ 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, we applied a fixed temporal lag of 6 s was 

applied to the reconstructed sequence (Kay et al., 2008). 

It is important to note that our method only depends on the frequency selectivity of 

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

not dependent upon any particular model for the overall structure of the tonotopic maps.  This is 

significant because there is currently a lack of consensus in the literature about the orientation of 

tonotopic fields in human cortex with respect to Heschl’s gyrus (Moerel et al., 2014; Saenz and 

Langers, 2014).   

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

performance and reconstruction accuracy. Identification performance was assessed as the ability 

to correctly identify the actual song over other similar song-like sequences. For each    

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

generate 1000 simulated song-like sequences that reflected the frequency content and note-to-

note probabilities of the Rainbow and Wish sequences.  Then we determined how well correlated 

(Pearson’s r) the reconstructed sequence was with the actual presented sequence, as well as each 
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of the simulated sequences. Identification performance was then determined as the number of 

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

with the reconstructed sequence,  over any of the simulated song-like sequences. 

 For the purpose of this study, we selected the Markov chain approach as we were 

primarily concerned with generating simulated sequences with the basic statistical properties of 

the actual songs used in our experiments. However, other more advanced methods for generating 

simulated sequences, including probabilistic models of melodic intervals, would likely be better 

for generating more continuous and melodic sequences (Temperley, 2008, 2014). 

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. 

 

Results 

Figure 3-2 depicts identification performance. We began by simply determining the 

correlation between reconstructed and actual frequencies for each subject for both the Rainbow 

(Figure 3-2 A) and Wish (Figure 3-2 B) sequences. For all subjects, reconstructed sequences 

were well correlated with the actual song-like sequences. Histograms containing the correlation 

values between the reconstructed Rainbow (Figure 3-2 C) and Wish (Figure 3-2 D) sequences 

and 1000 simulated sequences were generated with a first-order Markov chain algorithm (new 

sequences were generated for each subject). The correlation value of the actual sequence is 

represented by a black line in each histogram, indicating the threshold for which the actual 
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sequence is correctly identified. Identification performance of both reconstructed sequences was 

at near perfect levels for all three subjects, demonstrating how the identity of a song-like 

sequence can be readily be decoded by the similar pattern of frequencies in the reconstructed 

sequence. 

 

 

 

Figure 3-2. 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. 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 of the 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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The precision of our pRF decoding method was determined by how accurately each song-

like sequence had been reconstructed in terms of musical intervals or cents. Figure 3-3 displays 

the notes of the actual and reconstructed sequences of each subject according to modern musical 

notation. Purely for illustration purposes, the reconstructed frequencies in Figure 3-3 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.   

 

 

 

   Figure 3-3. Sequence Reconstruction 

 

 

 

 

We report two measures of reconstruction accuracy based on the residual errors between 

the reconstructed frequency and the actual frequency.  The first is the mean of the residual errors 

(Table  3-1).  A mean that is different from zero reflects an overall bias in our reconstruction 

accuracy.  Of the six means, only one reached statistical significance with a two-tailed t-test 

(Subject 2, Wish, t(24) = -215.54 cents, p=.0173). Thus, there does not appear to be a systematic 

  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. 
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over or underestimation of the reconstructed frequencies (at least as far as the power of our 

experimental design can provide).  The second measure of reconstruction accuracy is the 

standard deviation of the residual errors, also reported in Table 3-1.  Standard deviations ranged 

between 434 and 512 cents across subjects and songs (around a third of an octave).    

 

Table 3-1. Residual Errors 

 

 

 

 

Discussion  

 

Here, we demonstrate how a pRF model of tonotopic organization in the human primary 

auditory cortex estimated from random tone sequences can accurately generate predicted BOLD 

responses to successfully decode song-like sequences. Not only was it possible to identify what 

song-like sequence a person had been listening to, but it was also possible to estimate the 

frequencies played over time. 

Auditory decoding models have previously been used to classify speech content and 

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

al., 2009).  However, these studies employed linear classifier algorithms trained to discriminate 

Means and standard deviations of residual errors in cents between the reconstructed and actual 

frequencies. 
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between stimulus categories according to the patterns of activity across fMRI voxels. While 

these decoding methods can readily identify or classify acoustic stimuli from brain activity, they 

are limited to candidate stimulus sets and cannot be generalized to substantially novel stimuli 

(Naselaris et al., 2011). Moreover, these decoding models do not provide insight into the feature 

space over which these complex stimuli are functionally organized within auditory cortex. 

It is well known that neurons in auditory cortex respond selectively to stimulus dimensions other 

than frequency, including spectral and temporal modulation rate (Schönwiesner and Zatorre, 

2009; Santoro et al., 2014). The inclusion of additional dimensions in our analysis would 

undoubtedly improve our decoding accuracy.  However, our goal was to determine the extent to 

which stimuli could be reconstructed our predictions of fMRI responses to frequency alone.  Our 

results demonstrate that our population-based model of voxel-wise frequency tuning is quite 

accurate, considering that the model assumes a simple unimodal Gaussian-shaped tuning curve 

based on responses to a random stimulus sequence. 

Our analysis is best described as a combination encoding/decoding model (Naselaris et 

al., 2011).  We began with our encoding pRF model 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 to our pRF models to identify and reconstruct novel 

‘song-like’ sequences, similar to methods previously used in the visual domain to identify (Kay 

et al., 2008) and reconstruct novel image stimuli (Thirion et al., 2006; Miyawaki et al., 2008; 

Naselaris et al., 2009; Nishimoto et al., 2011).  While the identification performance of our 

technique was very near perfect, (98.5 -100 % correct identification), it was our ability to 

reconstruct novel auditory stimuli that allowed us to examine the validity of our tonotopic 

encoding model. We were able to reconstruct the perceived song-like stimuli of all three subjects 
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within a half of an octave or less, with little evidence of systematic biases in frequency 

estimation.  

As far as future directions are concerned, our results were obtained using relatively 

standard acquisition protocols on a 3 Telsa scanner. Increased fMRI spatial resolution (especially 

given the relatively small size of the PAC ) and reductions in measurement noise would likely 

further improve reconstruction accuracy (Kay and Gallant, 2009). Further improvements might 

also be made by developing more sophisticated decoding models to include (for example) 

spatiotemporal non-linearities and/or expectation and habituation effects. Such models will likely 

require the use of more diverse auditory sequences specifically designed to elicit these 

phenomenon.  

Finally, we only considered voxel tuning along the single dimension of frequency. Other 

auditory fMRI studies have developed more complex encoding models that include the spectro-

temporal modulations common to natural sound stimuli (Schönwiesner and Zatorre, 2009; 

Moerel et al., 2012; 2013; Santoro et al., 2014). A natural extension to our research would be to 

expand our pRF encoding algorithm to allow us to model more complex and behaviorally 

relevant stimuli and examine the response properties in non-primary auditory areas (Moerel et 

al., 2014; Saenz and Langers, 2014). Future investigations may also be aimed at linking cortical 

responses to perceptual experience for ambiguous auditory stimuli, and examining the effects of 

attention (Da Costa et al., 2013).  
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Final Remarks 
 

 Here we have demonstrated how voxel-based encoding and decoding models of 

functional MRI responses can be used to quantify the representation of sensory information 

within the human visual and auditory cortex. Computational models such as these provide a 

useful framework for not only investigating the processing of stimulus information across 

different cortical areas, but also for examining individual differences in sensory perceptions.  

As the field of computational neuroscience moves forward, more sophisticated encoding 

and decoding models are sure to evolve. To increase the accuracy and predictive power of these 

techniques, computational models will likely become more complex as they take into account an 

increasing number of stimulus features. In doing so, these models will generalize across a 

broader range of stimulus types, and may eventually provide researchers with the necessary tools 

for testing the more abstract concepts of human cognition and perception.  
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