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Behavioral/Cognitive
Attention Alters Population Spatial Frequency Tuning

Luis D. Ramirez,"” Feiyi Wang,"” and Sam Ling"’
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Spatial frequency (SF) selectivity serves as a fundamental building block within the visual system, determining what we can and
cannot see. Attention is theorized to augment the visibility of items in our environment by changing how we process SFs.
However, the specific neural mechanisms underlying this effect remain unclear, particularly in humans. Here, we used functional
magnetic resonance imaging to measure voxel-wise population SF tuning (pSFT), which allowed us to examine how attention alters
the SF response profiles of neural populations in the early visual cortex (V1-V3). In the scanner, participants (five female, three
male) were cued to covertly attend to one of two spatially competing letter streams, each defined by low or high SF content. This
task promoted feature-based attention directed to a particular SF, as well as the suppression of the irrelevant stream’s SF.
Concurrently, we measured pSFT in a task-irrelevant hemifield to examine how the known spatial spread of feature-based attention
influenced the SF tuning properties of neurons sampled within a voxel. We discovered that attention elicited attractive shifts in SF
preference, toward the attended SF. This suggests that attention can profoundly influence populations of SF preference across the
visual field, depending on task goals and native neural preferences.
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Significance Statement

The spatial frequency (SF) preference of neural populations in the early visual cortex governs the coarse and fine details we
can see. However, the brain is limited in what it can process, requiring selective attention to prioritize relevant over irrelevant
details. Although SF is fundamental to visual processing, it remains unclear how selective attention to SF alters population-
level responses to SF. Using fMRI, we measured SF preferences in V1-V3 while participants deployed feature-based attention
to one of two competing stimuli solely defined by their SF. We found that attention produced attractive shifts in preferences
across the visual field, toward the attended SF, demonstrating that voluntary attention can flexibly reshape SF preferences in

the early visual cortex.
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Introduction

Signals in our brain are constantly vying for metabolic resources
(Lennie, 2003), imposing a limit on the content and fidelity of
information available for processing from moment to moment
(Simoncelli and Olshausen, 2001; Carandini et al., 2005).
Attention is theorized to play a key role in selectively regulating
competing representations, prioritizing the processing of
behaviorally relevant features, while suppressing the irrelevant
(Lee et al., 1999; Carrasco, 2011; Maunsell, 2015; Wu, 2024).
Indeed, attention has been known to boost the gain of popula-
tions that represent attended items (Maunsell and Treue, 2006;

Received Feb. 4, 2025; revised April 17, 2025; accepted April 19, 2025.

Author contributions: L.D.R., F.W., and S.L. designed research; L.D.R. and F.W. performed research; L.D.R. and
F.W. analyzed data; L.D.R., F.W., and S.L. wrote the paper.

We thank Emily Wiecek, Jasmine Pan, Minsun Park, David Somers, and Taosheng Liu for their thoughtful discussion
and the editors and reviewers for their feedback. This work was supported by the National Institutes of Health Grant
EY028163 to S.L. and F9INS124144 to LD.R. LD.R’s current affiliation is with the Department of Psychology at the
University of California San Diego. This research was carried out at the Boston University Cognitive Neuroimaging Center.
This work involved the use of instrumentation supported by the National Science Foundation Major Research
Instrumentation Grant BCS-1625552. We acknowledge the University of Minnesota Center for Magnetic Resonance

Carrasco, 2011; Ling et al., 2015; Maunsell, 2015; Liu, 2019), an
effect that has been reported neurally in animals (Treue and
Maunsell, 1996; Treue and Martinez-Trujillo, 1999; Martinez-
Trujillo and Treue, 2004; David et al., 2008; Zhang and Luck,
2009; Cohen and Maunsell, 2011) and humans (Sasaki et al.,
2001; Serences et al., 2009; Pestilli et al., 2011; Klein et al.,
2014; Foster and Ling, 2022), as well as psychophysically (Ling
et al, 2009; Herrmann et al, 2012; Fang and Liu, 2019).
Moreover, these modulatory effects of attention are believed to
impinge upon a cornerstone selective property in early vision:
spatial frequency (SF) processing (Carrasco et al., 2006; David
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et al., 2008). The spatial frequencies a neural population selec-
tively responds to are synonymous with the density of spatial
detail it can encode (Blakemore and Campbell, 1969; Braddick,
1981; De Valois et al., 1982). Therefore, given the critical role
of this selectivity in governing what we can and cannot see at
any given moment, the ability to augment it would grant atten-
tion significant power to shape perception (Anton-Erxleben
and Carrasco, 2013). However, while SF is implicated as a mod-
ulatory target for resolving competition between representations
(Sowden and Schyns, 2006; Anton-Erxleben and Carrasco, 2013),
there is a gap in our understanding of how attention modulates
population responses to SF to resolve competition, particularly
in human cortex (Pouget et al., 2000; Jazayeri and Movshon,
2006; Sowden and Schyns, 2006; Fang and Liu, 2019).

To bridge this gap, we leveraged a model-based fMRI technique,
population spatial frequency tuning (pSFT), which can efficiently
estimate both the preferred SF (pSFT peak) and the range of SFs
that elicit a response (pSFT bandwidth) in neural subpopulations
sampled within a voxel (Aghajari et al., 2020). We paired this tech-
nique with a novel feature-based attention paradigm, in which par-
ticipants selectively attended one of two streams of letters, defined
by their distinct SF properties. In doing so, we were able to assess
voxel-wise changes in SF processing within and across early visual
cortices (V1-V3). Our results revealed profound shifts in the peak
SF preference and bandwidth of subpopulations throughout the
early visual cortex that depended on the nature of the attentional
task and stimuli. Specifically, we discovered that attention elicited
substantial “attractive shifts” in SF preference toward the attended
SE: subpopulations that innately preferred SFs lower than the
attended item shifted higher and those that innately preferred
higher SFs shifted lower. Evidently, feature-based attention has
the power to flexibly alter SF tuning for individual subpopulations,
shifting cortical SF preferences to dynamically process the qualities
of attended items.

Materials and Methods

Subjects. Eight healthy adult volunteers (five female) between ages 22
and 33 (age, 27.3 £ 1.6; mean +SEM) participated in the experiment. All
subjects had normal or corrected-to-normal vision. This sample size was
chosen to mirror the original population spatial frequency tuning map-
ping study by Aghajari et al. (2020). All subjects involved provided writ-
ten consent and were reimbursed for their time. The Boston University
Institutional Review Board approved the study.

Apparatus and stimuli. In the testing room used for initial calibra-
tion and training, stimuli were displayed on a gamma-corrected
Display++ LCD monitor (Cambridge Research; resolution, 1,440 x
1,080 pixels; refresh rate, 100 Hz; viewing distance, ~114 cm, the dis-
tance needed to mimic the pixels per degree in the scanner setup),
with no additional light sources in the room. Participants were seated
with their chin on a padded chin rest and their forehead rested.

In the MRI scanner bore, stimuli were displayed on a linearized,
gamma-corrected rear-projected screen (VPixx PROPixx DLP LED; res-
olution, 1,024x768 pixels; refresh rate, 60 Hz; viewing distance,
~99 cm), with no additional light sources in the room. All stimuli
were presented on a uniform gray background (mean luminance,
~150 cd/m?). A dot was presented at the center of the display for fixation
(diameter, 0.15° of visual angle). Stimuli were generated using MATLAB
2017b (The MathWorks Inc., 2017) and the Psychophysics Toolbox
(Brainard, 1997) rendered on Ubuntu 18.04.3 LTS.

The visual display was partitioned into attended (task-relevant)
and unattended (task-irrelevant) hemifields during task blocks. At
the attended hemifield, two rapidly updating letter streams were super-
imposed (4 Hz character refresh rate; eccentricity, 3.5° horizontal from
fixation; diameter, 3°). Each letter stream contained spatial frequency
bandpass-filtered Sloan letters, with a center SF of 0.5 and 2 cpd,
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respectively (filter width, 0.2; Gaussian smoothing kernel width, 3).
Letter characters consisted of A, C, D, ], K, L, M, P, S, V, X, Y, and
Z. Letter characters did not repeat sequentially within a letter stream
nor were the same letter presented simultaneously between letter
streams. Target letters ] and K had a 20% probability of occurrence.
To avoid the effects of attentional blink (Dux and Marois, 2009), there
was at least 500 ms between target letters within a letter stream.

At the unattended visual hemifield, a pseudorandom sequence of 40
SF-bandlimited noise stimuli was presented (10 Hz noise sample refresh
rate), with center SFs that were logarithmically spaced from 0.1 to 12 cpd
(filter width, 0.2). These stimuli were presented at 100% Michelson con-
trast and through a wedge aperture that subtended 5° from fixation
(outer radius, 9.18°; inner radius, 0.32°). At center fixation, the dot chan-
ged from white to black between rest periods and task blocks. During task
blocks, the dot would pseudorandomly change in luminance from 0 to
30, with the same target probability as the target letters. Stimulus presen-
tation statistics were identical in every block.

Five subjects (S1, 2, 3, 4, and 7) had the probe stimuli on the left visual
hemifield (pSFT analyzed from the right hemisphere), while the remain-
ing subjects (S5, 6, and 8) had the probe stimuli on the right visual
hemifield (pSFT analyzed from the left hemisphere). Results did not
significantly differ when data were grouped and compared by probe
hemisphere (Wilcoxon ranked sum test p > 0.05).

Spatial frequency-bandpass filtering. All stimuli were SF-bandpass
filtered in MATLAB 2017b scripts. The Sloan letters used (Pelli et al.,
1988) were imported as TIFF files and resized so that the diameter of
the letters spanned 3°. To resize the images appropriately, we calculated
a pixel-based ratio between the letter size and image size to determine
how much the image width needed to be resized to achieve the desired
letter diameter. Next, the complement of each letter image was taken,
reversing the luminance of each pixel so that the background changed
from white to black and the letters from black to white. The ffi2
MATLAB function was used to apply a 2D fast Fourier transform
(FFT) on the image, followed by fftshift to shift the DC component to
the center of the frequency domain.

A 2D bandpass filter (o = 0.2) was generated with the Bandpass2
function from Psychtoolbox. The filter matched the size of the image,
and the radial cutoff frequencies, fLow and fHigh, were divided by the
Nyquist frequency, fayquist = 1/(2 * pixel size (cm)) to create a circularly
symmetric filter. The 2D bandpass filter was smoothened with the
imgaussfilt function with a standard deviation of 3 pixels for the letter
images and a tenth of the pixels per degree of visual angle for the noise
stimuli. The filter was normalized by subtracting the minimum value
from each element and then dividing the difference by the range. Next,
the normalized bandpass filter was applied to the shifted FFT image.
To inverse the FFT and return the image to the spatial domain, the
ifftshift and ifft2 functions were applied to the image, in that order.

To finalize the images, the minimum value was subtracted from each
element, and then the difference was divided by the range in the case of
letter stimuli or by the maximum in the case of the noise stimuli. Finally,
the filtered images were rectified (taking the absolute value) and con-
verted to a visible range of pixel values between 0 and 255 for drawing
by scaling every element by 127 and then adding 127.

Eye tracking. An MRI-compatible EyeLink 1000 Plus infrared eye
tracker (SR Research) was used to monitor gaze position and pupil size
throughout the experiment at a sampling rate of 500 Hz. Each scan began
with eye calibration and validation. Subjects were instructed to maintain
fixation throughout the study. Eye data were analyzed with custom
MATLAB scripts. Average pupil size, horizontal gaze position, and
fixation stability [quantified as the bivariate contour ellipse area
(Crossland et al., 2004)] were compared with a one-way ANOVA to
confirm no significant differences between conditions at the group level.

Main task. Each task run consisted of an initial 10 s blank period and
six 40.5 s task blocks, each followed by a 10 s blank period (313 TRs per
run). Before a task block, participants were briefly presented one of three
color cues at fixation (1 s duration), indicating which task to perform: a
low SF letter detection task at 0.5 cpd (“Attend LSF” condition), a high SF



Ramirez et al. @ Attention Alters pSFT

letter detection task at 2 cpd (“Attend HSF” condition), or a luminance
change detection task at fixation (“Attend Fixation” condition). The task
block began 30 ms after the cue offset. The fixation dot was black during
task blocks and white during blank periods. Color cues were randomly
assigned per subject, and task conditions were randomly interleaved,
with 2 blocks per condition in each task scan (nine task scans per subject;
18 blocks per condition per subject).

In the “Attend Fixation” condition, subjects reported with a button
press the detection of a brief (250 ms) change in luminance, from black
to gray (0-30), at central fixation. In the letter detection task (“Attend
LSF” and “Attend HSF” conditions), participants were cued to covertly
attend to one of two superimposed letter streams and report the detec-
tion of a target letter J or K by pressing the left or right button, respec-
tively (response window, 1 s).

Before scanning, participants completed a 1 h stimulus calibration
and training session. Calibration involved participants maintaining
fixation while adjusting the alpha level of the LSF letter stream,
which began at an alpha level of 127 by default (where 0 means complete
transparency and 255 means complete opacity). Participants could
adjust the size of the increments if needed. Participants were instructed
to reach an alpha level that allowed for comparable detection of the
target letters between letter streams, with emphasis made on achieving
an alpha level where neither letter stream appeared to dominate
the other.

When participants found a satisfactory alpha level for the LSF letter
stream, the new alpha level was applied to training. The training involved
performing at least three runs of the main task (at least six blocks per
condition in total). If the difference in performance between conditions
was >10%, participants either completed additional training runs or
could readjust the alpha level of the LSF letter stream. Either case was fol-
lowed by additional training until the difference in performance between
“Attend LSF” and “Attend HSF” conditions was roughly 5-10% or time
constraints were met.

Outside the scanner bore and on scan day, subjects practiced the task
on a Lenovo ThinkPad laptop to reconfirm that performance was com-
parable (three runs maximum so that we had enough time to complete all
nine scan runs of the main task). In the scanner bore and before the main
task, subjects had an opportunity to adjust the LSF letter stream alpha
level (mean alpha level =168, SD=31.3). After confirming the alpha
level, participants completed anatomical scans, two probe localizer scans,
and nine main task scans. The localizer scans were not used in the final
analyses due to the letter stream spatial localizer being kept at 2.5° eccen-
tricity (the settings from a pilot study) instead of the 3.5° eccentricity
used in the main experiment. Behavioral performance in the main exper-
iment was measured as percent correct and analyzed with a one-way
ANOVA to confirm no significant differences in performance between
conditions at the group level.

Functional magnetic resonance imaging data acquisition. All high-
resolution brain data were collected at the Boston University Cognitive
Neuroimaging Center, which houses a Siemens 3 T Prisma scanner
equipped with a 64-channel head coil provided by Siemens Healthcare.
A whole-brain anatomical scan was acquired with a T1-weighted multie-
cho magnetization-prepared rapid acquisition gradient echo (MPRAGE)
sequence (1.2 mm?; FOV, 192 mm x 192 mm x 176 mm; fractional anisot-
ropy flip angle (FA), 7% TR, 2,200 ms; TE, 1.57 ms; TI, 1,100 ms; Van Der
Kouwe et al., 2008). All BOLD data for the main task were acquired with a
T2*-weighted in-plane echo planar imaging (EPI) pulse sequence with
simultaneous multislice (SMS) imaging and a field of view perpendicular
to the calcarine sulcus [2mm® voxels; FOV, 936 mm x 936 mm X
313 mm (probe localizer FOV, 936 mm X 936 mm X 320 mm); FA, 64°%
TR, 1,000 ms; TE, 30 ms; Moeller et al., 2010; Xu et al., 2013). BOLD
data for the population receptive field (pRF) mapping session were
acquired with a T2*-weighted in-plane EPI-SMS imaging sequence and
a FOV perpendicular to the calcarine sulcus, but with the following param-
eters: 2 mm° voxels; FOV, 60 mm x 112 mm x 172 mm; FA, 80% TR,
1,000 ms; TE, 35 ms. We used the University of Minnesota’s CMRR-MB
pulse sequence for SMS-EPI acquisition.
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Anatomical analysis. Whole-brain T1-weighted anatomical data were
processed through the “recon-all” pipeline provided by the FreeSurfer neu-
roimaging analysis software (Fischl, 2012). The output was a model of the
cortical surface that allowed for surface-based registration between func-
tional and structural MRI data, ensuring that pRF and pSFT data were
accurately mapped to the 3D space defined by the functional MRI volumes.

Functional magnetic resonance imaging data preprocessing. All func-
tional BOLD time series data were corrected for EPI distortions with a
reverse phase-encoded method via the functional MRI of the Brain
Software Library (FMRIB; Andersson et al., 2003). All fMRI fieldmap-
corrected data were preprocessed with FreeSurfer Functional Analysis
Stream (FS-FAST; Fischl, 2012), which applied standard motion correc-
tion procedures, Siemens slice timing correction, and boundary-based
registration between functional and anatomical 3D spaces (Greve and
Fischl, 2009). To allow for voxel-wise analysis of the data, no volumetric
spatial smoothening was applied (FWHM = 0). Moreover, accurate vol-
umetric alignment of functional data between scan runs was attained
by applying robust rigid registration (Reuter et al., 2010). The target vol-
ume for alignment was designated as the middle time point of the first
run from each session, while the middle time point of subsequent runs
was used as the moveable volume for alignment.

Population receptive field mapping. Every participant completed an
independent population receptive field (pRF) mapping session. The pRF
analysis was used to manually create ROI labels for early visual areas V1,
V2, and V3. Each session involved 3-5 scans of both (A) rotating wedge
stimuli and (B) bar sweep and expanding/contracting ring stimuli. All sti-
muli were presented on a mean luminance background and consisted of
colored objects and faces of varying sizes over a pink noise background.
During the stimulus presentation, participants performed a color change
detection task at fixation, pressing a button when the fixation dot changed
from red to white or white to red. The data acquired from these scans were
analyzed with the analyzePRF toolbox for MATLAB (Kay et al.,, 2013),
which estimates the visual field eccentricity, polar angle, and receptive
field size for every voxel within the cortical ribbon of the occipital lobe.

Population spatial frequency tuning mapping. Estimating population
spatial frequency tuning (pSFT) from fMRI BOLD signals was contin-
gent on the assumption that the BOLD signal is a product of a linear sys-
tem (Boynton et al,, 1996), an assumption often made in generating
population receptive fields with fMRI (Dumoulin and Wandell, 2008).
Additionally, due to the 10 s blank period in between blocks, we could
concatenate voxel time series across every scan with respect to condition
(“Attend LSE,” “Attend HSF,” or “Attend Fixation”), resulting in 18
spliced time series blocks per condition. Altogether, three sets of SF input
and measured BOLD time series were fed into the pSFT model fitting
pipeline (Fig. 1C).

We assumed that BOLD responses to spatial frequencies, R(f), can be
characterized by a log-Gaussian distribution (Aghajari et al., 2020; Eq. 1),
expressed as follows:

_ Dlog (f(1)) — log(u)?

R(f@®D = e w2 M

where f(t) is the SF presented at time ¢, w is the SF that produces the max-
imum response of the population (the “pSFT peak”), and o is the linear SF
tuning bandwidth—pu and o being unknown. Because SF mapping stimuli
were not presented during the blank periods in between blocks, the SF
input during the blank periods was set to 0.0001 to avoid taking the
log-transform of 0.

The population response, R[f(t)], was then convolved with a
hemodynamic impulse response function, h(t), to generate a predicted
BOLD signal, B(t):

B(t) = By + B - RIf(O)] *h(2), ()

where 3, and B are unknown and represent the baseline and a scaling
coefficient for the BOLD percent signal change, respectively. The
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hemodynamic impulse response function (HIRF), h(t), was a gamma
function of the form:

(n=1) ,—(t/7)

woy = WO )
m(n—1)!

where 7is the time constant (fixed to a value of 1.08), n is the phase delay
(fixed to a value of 3), and ¢ the delay between stimulus onset and the
BOLD response (fixed to a value of 2.05; Boynton et al., 1996). We per-
formed nonlinear regression to search for the most optimal u, 0, 8, and
B, values, with the objective of minimizing the sum-of-squares error
(SSE) between the predicted and measured BOLD percent signal change
(via the fmincon function in MATLAB). Based on parameter bounds
used in Aghajari et al. (2020), we constrained w to values between
0.009 and 6, o to values between 0.1 and 4, 3, to values between —10
and 10, and B to values between —25 and 25.

To identify optimal starting values for nonlinear regression, we per-
formed a preliminary coarse-to-fine grid search of model parameters.
With the parameter constraints defined above, the coarse-grid search con-
tained a combination of 10 logarithmically spaced w values and 10 linearly
spaced o values, while 8 and B, were fixed to 1 and 0, respectively. The
combination of values that produced the lowest SSE in the coarse-grid
search were then used to generate a range of w and o values for the
fine-grid search. Specifically, in the fine-grid search, 100 logarithmically
spaced values for w and 100 linearly spaced points for o were generated
between half and double the optimal coarse-grid search result for each
parameter. 3 and 3, were again fixed to 1 and 0, respectively. The combi-
nation of values that produced the lowest SSE in the fine-grid search was
then used as the initial u, o, B8, and 3, values for nonlinear regression. If
multiple values produced the minimum SSE, their average was used.

Voxel selection. In each ROIL which was defined by the results of the
pRF mapping procedure, we selected voxels whose pRF eccentricity was
within 0.16-9.8°, pRF sizes >0.1° in diameter, polar angle within the
probe aperture (if on the left hemifield, 100° <0 <260° if on the right
hemifield, 280°<0<80°), and pRE R* >10%. All reported effects on
pSFT are contingent on this independent pRF analysis and thus avoid
circular data selection errors (Stoll et al., 2022). As an additional voxel
criterion for analysis inclusion, we selected voxels with pSFT R* >10%,
w estimates between 0.01 and 5 cpd, and linear SF tuning bandwidth o
between 0.10 and 4 cpd. Lastly, we excluded voxels whose u or o esti-
mates were three standard deviations away from the mean in any ROI
and attention condition. These criteria left 100+ 18 (50) [mean + SEM
(SD)] voxels in V1 [20+2 (6)% remaining], 92+ 12 (35) in V2 [19+1
(5)% remaining], and 50 + 6 (16) voxels in V3 [14 1 (4)% remaining],
which is comparable to previous counts (Vo et al., 2017; Foster and
Ling, 2022) given that pSFT estimates were acquired in only one visual
hemisphere.

Attentional modulation index. To quantify changes in pSFT with
attention, we computed voxel-wise attentional modulation indices
(AMI) for pSFT peak and pSFT bandwidth. Calculating AMI involved
taking the difference in parameter estimates between conditions and
dividing this difference by their sum (Treue and Maunsell, 1996;
Gandhi et al., 1999; Cohen and Maunsell, 2011; Van Es et al., 2018; Ni
and Maunsell, 2019), followed by a percentage conversion:

A—B
A+B

AMI (%) = x 100, (4)

Dissimilarity from attended spatial frequency. To test for preference-
dependent changes in pSFT with attention, we computed a
voxel-wise dissimilarity metric between the baseline pSFT peak and
the attended SF:

Dissimilarity from LSF (octaves) = log, [Mb;sgine],
Dissimilarity from HSF (octaves) = log, [Mb;szine],
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For example, voxels an octave above the attended LSF have a pSFT peak
of 1 cpd in this space, while those same voxels would be an octave below
the attended HSF.

Line fitting. To test whether attentional modulation of pSFT is
preference-dependent, we calculated subject-wise linear slopes between
dissimilarity from the attended SF versus pSFT AMI, pRF eccentricity
versus pSFT AMI, and pRF size versus pSFT AMI. The MATLAB func-
tion polyfit was used to find coefficients of a first-degree polynomial,
fitting AMI best in a least-squares sense across voxels within an ROI
and condition for each subject.

Statistical analyses. All statistical analyses were performed in
MATLAB. Subject averages were assumed to be normally distributed.
To test for differences in task performance, pupil size, gaze position,
gaze stability, and pSFT estimates between conditions, one-way
ANOVA was performed at the group level. One-sample ¢ tests and
paired-sample ¢ tests were performed on values that were computed rel-
ative to the baseline condition (e.g., attentional modulation indices and
slopes from the “Attend LSF” and “Attend HSF” conditions). Effect sizes
(Cohen’s d) were calculated using the one- and paired-sample(s) formula
to compare AMI within and between “Attend LSF” and “Attend HSF”
conditions. To estimate 95% confidence intervals, we used bootstrap
resampling (1,000 iterations), where data were sampled with replace-
ment and Cohen’s d was recomputed every iteration. The 2.5 and
97.5% percentiles of the bootstrapped distribution defined the confidence
bounds. With n=8, a=0.05, and 80% power, we can reliably detect an
effect size of +1.16. Repeated measures correlation coefficients and
p-values were calculated to test the relationship between change in
peak and change in bandwidth (Bakdash and Marusich, 2017). Single,
double, and triple asterisks correspond to Bonferroni-corrected p-values
of 0.05, 0.01, and 0.001 to account for the possibility of Type I error in
one-sample ¢ tests and paired-sample ¢ tests.

Code accessibility. Code used for the experiment and data analyses
can be found on the Open Science Framework at https:/osf.io/
meq9n/?view_only=e3b6a5af43514e2795d6243468db8a4c.

Results

In an MRI scanner, participants performed one of three tasks in a
blocked design (Fig. 1A): a low SF letter detection task at 0.5
cycles per degree (cpd; “Attend LSF” condition), a high SF letter
detection task at 2 cpd (“Attend HSF” condition), and a lumi-
nance change detection task at fixation (“Attend Fixation” condi-
tion). The “Attend LSF” and “Attend HSF” conditions involved
covertly attending to one of two superimposed letter streams
(Fig. 1B, left hemifield) and reporting the detection of target let-
ters ] and K with a left and right button press, respectively. This
spatial colocalization of the letters was designed to induce
sufficient competition between the low and high SF letter
streams, with the assumption that attending to a specific letter
stream would promote attention to a specific band of SF content
(Lee etal., 1999; White et al., 2015). Because SFs are processed by
distinct subpopulations (Blakemore and Campbell, 1969; Ware
and Mitchell, 1974), we hypothesized that selective attention to
a low and high SF target distinct subpopulations across the visual
field (Maunsell and Treue, 2006; Fang and Liu, 2019; Liu, 2019).
These subpopulations are then read as a shift in peak SF and/or
change in bandwidth when responses are measured across them
(Ling et al., 2015).

To test this hypothesis, we measured and compared
condition-specific voxel-wise pSFT in the task-irrelevant hemifi-
eld, where participants concurrently and passively viewed a range
of bandlimited noise stimuli (Fig. 1B, right hemifield). This
design exploits the well-established finding that the modulatory
effects of feature-based attention “spread across the visual
field” (Saenz et al., 2002), allowing us to interrogate changes in
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Figure 1.  Experimental design and the pSFT model. A, Within each scan (9 in total), participants completed two blocks of each condition in a pseudorandom order. B, The visual display was
split into an attended hemifield (task-relevant) and a probe hemifield (task-irrelevant). C, For each voxel, condition-specific measured BOLD response was compared with a synthesized BOLD
response (green trace) produced by the best prediction of pSFT parameters. D, Estimated pSFT peak (top row) and bandwidth (bottom row) follow expected trends in every condition: decreased
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unique shading in the scatter plots. Green represents estimates from the “Attend Fixation” condition, red from the “Attend HSF” condition, and blue from the “Attend LSF” condition. V1, n = 802;

V2, n=735; V3, n=398. See also Extended Data Figure S14 and Extended Data Table S1.

SF processing in a spatially unattended hemifield. Moreover,
display statistics were identical in every block and separated
by a 10s blank period, allowing us to concatenate BOLD time
series data with respect to a condition (Fig. 1C). Before evaluating

the influence of attention on pSFT, we confirmed that in
every condition pSFT peak decreased and pSFT bandwidth
increased with pRF eccentricity and visual area (Fig. 1D; Sasaki
et al, 2001; Henriksson et al, 2008; Aghajari et al., 2020;
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Broderick et al., 2022). Additionally, because the covertly attended
location was identical between “Attend LSF” and “Attend HSF”
conditions, and no significant differences in task performance,
pupil size, gaze position, or gaze stability were found between con-
ditions at the group level (Extended Data Fig. S1B,C), we could
attribute any differences in pSFT between the “Attend LSF” and
“Attend HSF” conditions to feature-based attention.

Attentional modulation of pSFT

To quantify changes in pSFT due to attention, we computed voxel-
wise attentional modulation indices (AMI) for pSFT peak and
bandwidth. Calculating AMI involves taking the difference in
parameter estimates between conditions, dividing the difference
by their sum, and then converting the value to a percentage. By nor-
malizing the difference in pSFT estimates between conditions by
their total magnitude, this AMI measure emphasizes relative
changes (Treue and Maunsell, 1996; Gandhi et al., 1999; Cohen
and Maunsell, 2011; Van Es et al,, 2018; Ni and Maunsell, 2019).
Here, changes in peak and bandwidth due to attending the LSF
or HSF were calculated relative to the “Attend Fixation” condition,
which served as our baseline (Fig. 2A). If attentional modulation of
pSFT in the task-irrelevant hemifield is evident and dependent on
the attended SF, then we expected that the change in peak and/or
bandwidth would significantly differ between “Attend LSF” and
“Attend HSF” conditions.

Indeed, we found significant differences in the change in peak
between “Attend LSF” and “Attend HSF” conditions at the group
level [V1 and V2 ps<0.05, V3 p<0.01; Cohen’s d: V1=-1.29
(—3.64, —0.65), V2=—129 (—2.47, —0.92), V3=—1.80 (—6.35,
—1.17); Table 1]. Generally, attending the LSF decreased the
pSFT peak [Cohen’s d: V1=-0.38 (-1.89, 0.28), V2=-0.73
(—2.40, —0.27), V3=—-0.53 (—1.31, 0.13)], while attending the
HSF increased the pSFT peak [Cohen’s d: V1=0.20 (—0.93,
0.80), V2=0.41 (-0.27, 1.26), V3=0.51 (—0.12, 1.68)]. In tan-
dem, attending the LSF decreased the range of SFs that elicited
a response [i.e., sharper tuning bandwidth; Cohen’s d: V1=
—-0.64 (-1.73, 0.03), V2=-0.28 (-1.09, 0.46), V3=-0.12
(—0.82, 0.87)] and attending the HSF even more so [Cohen’s d:
V1=-1.05 (-2.25, —0.52), V2=-0.95 (—2.44, —0.39), V3=
—0.72 (-1.72, —0.17)]. However, there were no significant differ-
ences in the change in bandwidth between conditions [ps > 0.05;
Cohen’s d: V1 =0.97 (0.40, 2.37), V2 = 0.93 (0.32, 2.43), V3 = 0.82
(0.42, 1.78); Table 1]. Lastly, in V1, we found a significant
decrease in BOLD amplitude in both “Attend LSF” and
“Attend HSF” conditions (ps<0.05), in agreement with the
expected effects of covert spatial attention on the BOLD response
of unattended locations (Gouws et al., 2014). We also found
an increase in baseline in V1 in the “Attend HSF” condition
(p<0.05; Extended Data Table SI1). Altogether, this suggests
that feature-based attention to SF elicited global attractive shifts
in preferred SF and increased selectivity.

Interestingly, upon closer inspection, we found a range of
modulation strategies in every visual area.

To elaborate, a change in pSFT for an individual voxel can fall
under four strategies that consist of combinations of whether
lower or higher SFs are prioritized (change in peak) and whether
bandwidth is broadened or sharpened (change in bandwidth;
Fig. 2B). When correlated against one another, what is the dom-
inant relationship between changes in peak SF and bandwidth?
In every visual area, we found a moderate negative correlation
between attentional modulation of peak and bandwidth in both
“Attend LSF” and “Attend HSF” conditions (ps < 0.001). In other
words, a decrease in peak SF was associated with an increase in
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bandwidth, while an increase in peak SF was associated with a
decrease in bandwidth (Fig. 2C).

Because the observed changes in pSFT were consistent
across the early visual cortex, we wondered whether changes in
tuning with feature-based attention to SF were driven by a
feature-similarity mechanism (Maunsell and Treue, 2006;
Liu, 2019), wherein subpopulations most similarly tuned to the
attended feature experience increased response gain (Treue and
Martinez-Trujillo, 1999; Martinez-Trujillo and Treue, 2004;
Maunsell and Treue, 2006; Ling et al., 2009; Fang and Liu,
2019). We reasoned that if attentional modulation of pSFT
were dependent on the dissimilarity between the baseline peak
SF and the attended SF, then the rate of change in pSFT as a func-
tion of dissimilarity should significantly differ from zero.

To test for similarity-dependent modulation of pSFT, we first
computed a voxel-wise dissimilarity metric between the baseline
pSFT peak and attended SF (dissimilarity from the attended SF
(octaves) = log, [ paseline/attended SF]).  We then assessed
subject-wise linear slopes between the baseline dissimilarity
and change in peak and bandwidth in every visual area and con-
dition. The sign of the slope—positive or negative—would indi-
cate a repulsive or attractive effect for changes in peak SF,
respectively. Similarly, for changes in bandwidth, positive or neg-
ative slopes would correspond to sharper-to-broader or
broader-to-sharper bandwidths with increasing dissimilarity.

From V1 to V3, we found negative slopes for the change in
peak as a function of baseline dissimilarity (Figs. 3A, 4A).
More specifically, feature-based attention appeared to cause
attractive shifts in peak SF when attention was directed to the
lower SF (V1 and V3 ps<0.05) and even stronger shifts when
directed to the higher SF (V1 and V3 ps<0.01). In V1 and V3,
we found significant differences in the magnitude of attractive
shifts between “Attend LSF” and “Attend HSF” conditions
(ps <0.05). While visual inspection suggests otherwise, we found
no significant attractive shifts in peak SF in V2 within conditions
nor between them (Fig. 4A and Table 2). In tandem, there was a
positive relationship between baseline dissimilarity and change
in bandwidth (Figs. 3B, 4B). This “sharper-to-broader” relation-
ship across the preference space was significant only in V1 and
V2 when attending the LSF (ps <0.01; Table 1).

Attentional modulation of pSFT as a function of pRF

The spatial resolution hypothesis posits that attention resolves
differences in spatial sampling (i.e., resolution) between foveal
and peripheral populations (Yeshurun and Carrasco, 1998;
Anton-Erxleben and Carrasco, 2013; Barbot and Carrasco,
2017). Although we could not measure changes in pRF with
our experimental design, nor changes in pSFT in the attended
hemifield, we wondered if there was a relationship between the
baseline pRF (eccentricity and size; Extended Data Fig. S3) and
changes in pSFT (Extended Data Text S1), as SF preferences
vary systematically with eccentricity and correlate with size
(Henriksson et al.,, 2008; Yu et al.,, 2010; Aghajari et al., 2020;
Broderick et al., 2022; Kirsch and Kunde, 2023). Only in V3 and
the “Attend HSF” condition did we find a significantly positive
linear relationship between pRF eccentricity and change in peak
(p<0.01; Extended Data Fig. S2A, Extended Data Table S2).
Additionally, we found a significantly positive relationship
between pRF size and change in peak in both conditions in V3
(“Attend LSE,” p <0.05; “Attend HSF,” p <0.001; Extended Data
Fig. S2B, Extended Data Table S3). Lastly, we found significant
differences in the rate of change in pSFT peak as a function of
PRE size and eccentricity “between” conditions in V3 (ps <0.05),
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Figure 2.  Attentional modulation of pSFT. 4, The key predictions afforded by the pSFT model are an increase/decrease in the pSFT peak and/or pSFT bandwidth. To facilitate the interpretation

of attentional modulation of pSFT, the legend in B demonstrates the hypothesized modulatory strategies when the change in peak and bandwidth are plotted against one another. To the right
are caricatures of each strategy (Quadrants I-1V). In €, each dot represents a voxel's change in peak (x-axis) and bandwidth (y-axis) in the “Attend LSF” condition (blue, top row) and in the
“Attend HSF” condition (red, bottom row). Each subject has a unique shading in the scatter plots. Histograms appended to the north and east walls of each plot reveal the distribution of AMI
across all voxels in an ROI. Vertical and horizontal arrows above the histograms represent the group mean (n = 8) for change in peak and bandwidth, respectively. A dot at the intersection of
these arrows is included for visibility. The repeated measures correlation coefficient and p-value are reported in the top right of each scatter plot. At the group level, the change in peak
significantly differed between conditions in every ROI (V1 and V2 ps < 0.05; V3 p < 0.01). V1, n=802; V2, n=735; V3, n=398. See also Table 1.

altogether supporting the possibility that selective attention to the
LSF and HSF triggered unique changes in spatial resolution.

Discussion

The existence of SF selective neurons in the early human
visual system provides a window into how spatial patterns across
the visual field are processed (Braddick, 1981). SF processing
in the human visual cortex can be characterized as a set of

parallel but interconnected narrow-band “channels” that
together enable the perception of a wide range of spatial details
across the retinal image (Wilson and Wilkinson, 1997;
Kauffmann et al, 2014). If we assume that the convergence
of neural populations across the early visual system are the
constituents of these channels, then attention to SF should steer
the center and/or width of SF-tuned responses toward the
attended SF across the visuocortical hierarchy, as proposed in
past research but not yet confirmed in humans (Schyns, 1998;
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Table 1. Group-level results for change in peak and bandwidth (AMI %)
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Attend LSF
Attend HSF
Attend LSF versus Attend HSF

Change in peak

Change in bandwidth

ROI Mean £ 1 SEM P 95% (I Mean + 1 SEM p 95% Cl
V1 —5.65+5.22 0.944 —17.99, 6.69 —6.45+3.54 0.334 —14.83, 1.92
228+4.13 1.000 —7.50, 12.05 —10.83 £ 3.64 0.062 —19.45, —2.22
— 0.024* —13.05, —2.80 — 0.087 0.60, 8.16
V2 —8.58 +4.16 0.234 —18.41,1.25 —2.44+3.07 1.000 —9.71, 482
576 +4.97 0.853 —5.99, 17.51 —7.96 +2.96 0.093 —14.95, —0.97
— 0.025* —23.67, —5.02 — 0.101 0.56, 10.47
V3 —7.21+4.86 0.544 —18.70, 4.28 —1.21+3.56 1.000 —18.30, 1.31
9.54 + 6.65 0.583 —6.17, 25.26 —8.50+4.15 0.239 —17.31,1.20
— 0.004%* —24.54, —8.96 — 0.162 —0.17, 14.73
Bonferroni-corrected p-values.
*p < 0.05.
#%p < 0.01.

Sowden and Schyns, 2006; David et al., 2008). Here, we addressed
this gap in knowledge by acquiring pSFT in the early visual
cortex (V1-V3) while manipulating selective attention to SF.
We discovered profound shifts in tuning preferences for
voxels in the early visual cortex, toward the SF content of an
attended item. Below, we contextualize our findings and explore
potential explanations for the observed changes in pSFT
with attention.

In our task, participants were instructed to detect target letters
in one of two superimposed letter streams that were low- and
high-pass filtered, respectively. In both the “Attend LSF” and
“Attend HSF” conditions, one could argue that texture segmen-
tation at the covertly attended location is required to separate the
relevant from irrelevant SF content (Yeshurun and Carrasco,
2000). Relative to a baseline condition where the letters were
ignored, we found that feature-based attention triggered signifi-
cantly distinct attractive shifts in SF preference, toward the
attended SF and across early visual field maps of the unattended
hemifield, along with increased selectivity for the newly preferred
SE. From V1 to V3, LSF-preferring populations experienced the
greatest increase in pSFT peak and decrease in bandwidth, while
more HSF-preferring populations experienced the greatest
decrease in pSFT peak and increase in bandwidth (Figs. 3, 4).
Together, this demonstrates that changes in pSFT with attention
are likely dependent on both the native SF tuning being sampled
and the attended SF.

More specifically, we believe our findings are the consequence
of covert spatial attention and feature-based attention selectively
targeting neural subpopulations across the visual field (Saenz
et al., 2002; White et al., 2015) to trigger attractive shifts along
the task-relevant feature domain (Saenz et al, 2002;
Womelsdorf et al., 2006; David et al., 2008; Klein et al., 2014;
Liu, 2019; Chapman et al., 2023). While the shifts in preferred
SE were significantly different between “Attend LSF” and
“Attend HSF” conditions, the magnitude of the shifts within con-
ditions was not (though this could be due to insufficient power).
This is expected, in part because the SF tuning of a neural popu-
lation sampled within a cortical column is ultimately constrained
by its underlying neural architecture and thus cannot completely
change its tuning profile (Blakemore and Campbell, 1969; Salinas
and Abbott, 2001; David et al., 2008).

When moving out toward the periphery, the proportion of neu-
rons within a population that is more selective for HSF decreases

(Sasaki et al,, 2001; Aghajari et al., 2020; Broderick et al., 2022).
This relationship generates testable predictions for how pSFT might
change with feature-based attention. In general, feature-based
attention is theorized to operate via a feature-similarity gain mech-
anism, selectively targeting subpopulations tuned to the attended
feature (Maunsell and Treue, 2006). Indeed, human psychophysical
data from a 2-IFC task suggests that the feature-similarity gain
model with asymmetrical surround suppression can characterize
the effects of selective attention to SF (Fang and Liu, 2019). In other
words, when an observer attends to an SF, feature-based attention
should shift the peak SF response across a neural population toward
the attended SF. For example, attending an LSF should target neu-
rons tuned to that SF across the visual field. In central vision,
LSF-preferring neurons would experience a gain in response, while
HSEF-preferring neurons are suppressed, together creating a shift
toward lower SFs across a population (Ling et al., 2015). In periph-
eral vision, SF preferences are much lower relative to central vision,
so this effect would instead create an observable shift toward higher
SEs. While we believe feature-similarity gain is the primary mech-
anism, we did find a multitude of modulation strategies (Fig. 2C),
which might be indicative of a mixture of attentional gain and pref-
erential shifts in tuning at the single unit level (David et al., 2008;
Ester et al., 2020).

Because SF tuning is tightly correlated with spatial receptive
field characteristics (Altan et al., 2025), and both “Attend LSF”
and “Attend HSF” conditions required covert spatial attention,
our results likely align with the spatial resolution hypothesis, which
proposes that covert attention resolves differences in spatial resolu-
tion between foveal and peripheral populations (Yeshurun and
Carrasco, 1998; Anton-Erxleben and Carrasco, 2013; Barbot and
Carrasco, 2017). There are signatures in our results that intersect
with the predictions of the spatial resolution hypothesis. First, psy-
chophysical studies that support the spatial resolution hypothesis
reason that covert attention improves perception by selectively tar-
geting small, HSF-selective RFs in the periphery (increasing reso-
lution) and LSF-selective RFs in central vision (decreasing
resolution; Yeshurun and Carrasco, 2000; Carrasco et al., 2006).
In other words, attention can flexibly adjust spatial resolution
with respect to task demands and native spatial sampling charac-
teristics (Yeshurun and Carrasco, 1998; Yeshurun et al., 2008;
Flevaris et al.,, 2014; Barbot and Carrasco, 2017; Van Es et al,
2018). Indeed, the rate of change in pSFT peak, as a function of
the dissimilarity between the baseline pSFT peak and the attended
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Figure 3.  Attentional modulation of pSFT is preference-dependent. Voxel-wise changes in peak (4) and bandwidth (B) are reported as a percentage and as a function of the octave distance
(i.e., dissimilarity) between the voxel’s baseline pSFT peak and the attended SF (blue, LSF; red, HSF). Each subject has a unique shading in the scatter plots. Dashed lines represent the group
mean (n = 8). Bonferroni-corrected *p < 0.05 and **p < 0.01. V1, n=2802; V2, n=735; V3, n=398. See also Figure 4 and Table 2.

SF, was more negative in the “Attend HSF” condition than in the
“Attend LSF” condition in our study, perhaps because the HSF
condition requires higher spatial sampling characteristics (i.e.,
higher pSFT peak and sharper tuning bandwidths) to resolve the

high SF letters (Van Es et al., 2018). We also speculate that the
observed changes in pSFT here should generalize when the visual
system engages in global versus local processing, like in the case
of Navon-type stimuli (Flevaris et al., 2014).
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Table 2.

Table 2. Group-level results for linear slopes between dissimilarity from attended SF and change in peak and bandwidth (AMl/oct)

Attend LSF
Attend HSF
Attend LSF versus Attend HSF

Change in peak

Change in bandwidth

ROI Mean + 1 SEM P 95% Cl Mean £ 1 SEM p 95% (l
V1 —9.27+227 0.014* —14.65, —3.89 331068 0.005%* 1.71, 491
—10.89 + 2.46 0.009%* —16.70, —5.08 253+1.18 0.211 —0.27,5.33
— 0.041%* 0.44, 2.79 — 1.000 —2.02, 358
V2 —6.62+2.15 0.053 —11.71, —1.54 3.13£0.69 0.008%* 1.50, 4.76
—7.81+284 0.085 —14.51, =1.10 221+1.84 0.810 —2.15, 6.56
— 1.000 —4.05, 6.43 — 1.000 —2.91, 476
V3 —7.76+1.9 0.016* —12.34, =3.17 275+1.03 0.097 0.31,5.19
—12.86+2.14 0.002%** -17.91, —7.81 3.70+£1.26 0.065 0.73, 6.67
— 0.028* 1.71, 85 — 0.784 —2.79, 0.89
Bonferroni-corrected p-values.
*p < 0.05.
*%p<0.01.

The flexibility of SF processing might be dependent on the
observer’s ability to diagnose the most relevant SF (Schyns,
1998); therefore, future studies might investigate the influence of
perceptual learning and adaptation on pSFT (Fiorentini and
Berardi, 1980; Sowden et al., 2002; Carrasco et al., 2006; Sowden
and Schyns, 2006; Altan et al., 2025). The temporal dynamics of
attentional modulation of pSFT might be another fruitful avenue
of research, as the processing of LSFs and HSFs have unique tem-
poral dynamics (Bredfeldt and Ringach, 2002; Mazer et al., 2002;
Purushothaman et al., 2014). There is also a gap in knowledge
for whether the covertly attended location and competing SFs at
the attended location influence the magnitude of attractive shifts

across the visual field (Majaj et al., 2002; Verghese et al.,, 2012),
as physiological evidence has shown that attentional modulation
is eccentricity-dependent (Roberts et al., 2007). Future work might
leverage this to determine whether selective attention to low/high
SF broadens/sharpens pRFs in an eccentricity-dependent manner
(Altan et al.,, 2025). Addressing these questions will further adjudi-
cate the malleability of SF processing with selective attention to SF.

In conclusion, we investigated the impact of selective atten-
tion to SF on pSFT in the early visual cortex. We found that
feature-based attention to a low and high SF triggered unique
attractive shifts in pSFT in the unattended hemifield, toward
the attended SF. Our results support a dynamic human visual
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system, with spatial frequency, one of the building blocks of
vision, bending to the will of attention.
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