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Abstract

Visual stimuli compete with each other for cortical processing and attention biases this
competition in favor of the attended stimulus. How does the relationship between the stimuli
affect the strength of this attentional bias? Here, we used functional MRI to explore the effect
of target-distractor similarity in neural representation on attentional modulation in the
human visual cortex using univariate and multivariate pattern analyses. Using stimuli from
four object categories (human bodies, cats, cars and houses), we investigated attentional
effects in the primary visual area V1, the object-selective regions LO and pFs, the body-
selective region EBA, and the scene-selective region PPA. We demonstrated that the strength
of the attentional bias towards the target is not fixed but decreases with increasing distractor-
target similarity. Simulations provided evidence that this result pattern is explained by
tuning sharpening rather than an increase in gain. Our findings provide a mechanistic
explanation for behavioral effects of target-distractor similarity on attentional biases and
suggest tuning sharpening as the underlying mechanism in object-based attention.

eLife assessment

This valuable study has the potential to shed mechanistic light on how attention
mechanisms that influence competition between multiple visual stimuli are
modulated by the relative neural similarity of these stimuli. The study implements an
interesting experimental design that provides relevant data, especially for future
modeling efforts. However, the presented evidence is considered incomplete due to
some features of the design and model, as well as certain analysis choices.
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% elLife Introduction

Everyday visual scenes typically contain a large number of stimuli. Since processing all the
incoming information is impossible due to the brain’s limited neural resources, different stimuli
compete for cortical representation and processing . Z:2Z3242.5C 602 This competition can be

biased by the top-down signal of attention to enhance the parts of input that are most relevant to

the role of attention in biasing the competition by enhancing the response related to the attended
382,53,63

stimulus 2222w by approximately 30% compared to its response when unattended, in both
electrophysiology studies of the monkey brain 302.802.902,1022.11 55 and fMRI studies of the human
brain 8%,

Competition and attentional bias likely depend on the nature of the visual scenes rather than
being universally uniform. Behavioral studies indicate that the competition between stimuli is

contentdependent 1222, with higher competition between stimuli that are located closer to each

other 13%, or between stimuli with more similar cortical representation patterns 12621455 This
suggests that the attentional bias might also be affected by the relationship between the competing
stimuli, such as the similarity of their cortical representation. Further, behavioral studies on the
effect of target-distractor similarity on performance have proposed that lower performance for
more similar target-distractor pairs is due to the fact that the neural resources needed for detailed
processing are shared to a greater extent 128 However, a direct neuroscientific investigation of
how target-distractor similarity affects visual representations, and a mechanistic explanation of

how shared resources affect attentional biases is missing.

Here, we investigated the impact of similarity in cortical representation on attentional bias and
the underlying mechanism with empirical and theoretical tools. First, using functional MRI and
unias well as multivariate analysis, we investigated how the top-down effect of attention varies as
target-distractor similarity changes for multiple presented objects. Specifically, we found that the
strength of the attentional bias towards the target decreases with increasing target-distractor
similarity in cortical representation.

Second, using simulations of neuronal populations we determined how this effect arises from
attentional enhancement of neural responses. We considered two known mechanisms through
which attention affects neural firing rate: response gain and tuning sharpening. The response gain
model predicts a multiplicative scaling of responses through which neural responses are increased
by a gain factor 1588160 The tuning sharpening model instead proposes that attentional
enhancement depends on the neuronal tuning for the attended stimulus, leading to an increase in
response for optimal stimuli, and little change in response or at times even response suppression
for non-optimal stimuli 1752, We find that the empirically-observed relationship between
attentional enhancement and target-distractor similarity are predicted by the tuning sharpening

model, but not the response gain model.

Together, our results show that attentional enhancement is dependent on the similarity between
the target and the distractor in neural representation, and a more similar distractor causes the
target to receive less attentional bias in the competition. Moreover, these results suggest tuning
sharpening as the underlying mechanism of attentional enhancement during object-based
attention.
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% elLife Materials and Methods

Main experiment

Participants

17 healthy human participants (9 females, age: mean #s.d. = 29.29+4.5 years) with normal or
corrected-to-normal vision took part in the study. Participants gave written consent and received
payment for their participation in the experiment. Data collection was approved by the Ethics
Committee of the Institute for Research in Fundamental Sciences, Tehran.

The behavioral data for two participants was not correctly saved during the scanning due to
technical problems. While we used the fMRI data of these two participants, all behavioral reports
include the performance of the 15 participants for whom the behavioral data was properly saved.

Stimulus set and experimental design

To determine the effect of target-distractor similarity on attentional modulation, we used object
stimuli from four categories (human bodies, cars, houses, and cats). We presented stimuli from
each category in semi-transparent form, either in isolation (isolated conditions), or paired with
stimuli from another category (paired conditions). Thus, the experiment consisted of 16
conditions: 4 isolated conditions in which isolated stimuli from one of the four categories were
presented, and 12 paired conditions (6 category pairs x2 attentional targets for each pair) in which
a target stimulus from the cued category was superimposed with a distractor stimulus from
another category for all category combinations. Figure 1B depicts all stimulus conditions. We
used isolated conditions to assess the similarity between different categories, and paired
conditions to determine the effect of similarity in a category pair on attentional modulation.

The stimulus set consisted of gray-scaled images from the four object categories of human bodies,
cats, cars and houses, similar to stimuli used in previous studies '8%2:192:20% Each category
consisted of 10 exemplars all varying in identity, 3D-orientation (for houses and cars), and pose

(for bodies and cats, see Figure 1A®).

Images were presented in a gray background square presented at the center of the screen,
subtending 10.2° of visual angle. A red fixation point subtending 0.45° of visual angle was
presented at the center of the screen throughout the run (Figure 1C3%).

Procedure

We used a blocked design for the main experiment. At the beginning of each block, participants
were cued by a word to attend to either bodies, cars, houses, or cats. During the block, participants
maintained attention on the images from the cued category, and performed a one-back repetition
detection task on them by pressing the response button when the same stimulus from the attended
category appeared in two consecutive trials. Repetition occurred 2-3 times at random times in
each block. The experiment consisted of 16 block types, corresponding to the 16 task conditions
(Figure 1B®@).

Each block lasted for 10 s, starting with the cue word presented for 1 s, followed by 1 s of fixation.
Then, ten images from the cued category were presented in isolation or paired with ten images
from another category. Each image was presented for 400 ms, followed by 400 ms of fixation
(Figure 1C@). There were 8 s of fixation in between the blocks, and a final 8-s fixation after the
last block.
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Stimuli, paradigm and regions of interest.

(A) Top images represent the four categories used in the main experiment: body, car, house and cat. The stimulus set
consisted of 10 exemplars from each category (here: cats), with exemplars differing in pose and 3D-orientation. (B) The
experimental design comprised 16 task conditions (12 paired, 4 isolated). The 4x4 matrix on the left illustrates the 12 paired
conditions, with the to-be-attended category (outlined in orange for illustration purposes, not present in the experiment) on
the y-axis and the to-be-ignored category on the x-axis. The right column illustrates the four isolated conditions. (C)
Experimental paradigm. A paired block is depicted with superimposed body and house stimuli. In this example block, house
stimuli were cued as target, and the participant responded on the repetition of the exact same house in two consecutive
trials, as marked here by the arrow. (D) Regions of interest for an example participant; the primary visual cortex V1, the
object-selective regions LO and pFs, the body-selective region EBA, and the scene-selective region PPA.
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We organized blocks in runs, each lasting 4 min 56 s. Each run started with 8 s of fixation followed
by block presentations. The presentation order of the 16 task conditions was counterbalanced
across each experimental run. 10 participants completed 16 runs and 7 participants completed 12
runs of the main experiment.

7 eLife

Localizer experiments

We investigated five different regions of interest: the primary visual cortex (V1), the object-
selective areas lateral occipital cortex (LO) and posterior fusiform (pFs), the body-selective
extrastriate body area (EBA), and the scene-selective parahippocampal place area (PPA). To define
these regions of interest (ROIs), each participant completed four localizer runs described in detail
below.

Early visual area localizer

We used meridian mapping to localize the primary visual cortex V1. Participants viewed a black-
and-white checkerboard pattern through a 60 degree polar angle wedge aperture. The wedge was
presented either horizontally or vertically. Participants were asked to detect luminance changes in
the wedge in a blocked-design paradigm. Each run consisted of four horizontal and four vertical
blocks, each lasting 16 s, with 16 s of fixation in between. A final 16 s fixation followed the last
block. Each run lasted 272 s. The order of the blocks was counterbalanced within each run.
Participants completed two runs of this localizer.

Category localizer

We used a category localizer to localize the cortical regions selective to scenes (PPA), bodies (EBA),
and objects (LO, pFs). In a blocked-design paradigm, participants viewed stimuli from the five
categories of faces, scenes, objects, bodies, and scrambled images. Each localizer run contained
two 16-s blocks of each category, with the presentation order counterbalanced within each run. An
8-s fixation period was presented at the beginning, in the middle, and at the end of the run. In
each block, 20 stimuli from the same category were presented. Stimuli were presented for 750 ms
followed by 50 ms of fixation on a gray background screen. Participants were asked to maintain
their fixation on a red circle at the center of the screen throughout and press a key when they
detected a slight jitter in the stimuli that happened 2-3 times per block. Each run lasted 344 s.
Participants completed two runs of this localizer.

Stimulus presentation inside the scanner

We back-projected the stimuli onto a screen positioned at the rear of the magnet using an LCD
projector with a refresh rate of 60 Hz and a spatial resolution of 768 x1024. Participants observed
the screen through a mirror attached to the head coil.

MRI data acquisition

We recorded the data of 10 participants using the Siemens 3T Tim Trio MRI system with a 32-
channel head coil at the Institute for Research in Fundamental Sciences (IPM). We collected the
data of 7 additional participants on a Siemens Prisma MRI system using a 64-channel head coil at
the National Brain-mapping Laboratory (NBML). For each participant, we performed a whole-
brain anatomical scan using a T1-weighted MPRAGE sequence. For the functional scans, including
the main experiment and the localizer experiments, we acquired 33 slices parallel to the AC-PC
line using TZ*—Weighted gradient-echo echo-planar imaging (EPI) sequences covering the whole
brain (TR=2 s, TE=30 ms, flip angle = 90°, voxel size=3 x 3 x 3 mms, matrix size = 64 x 64).
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% eLife fMRI data preprocessing

We performed fMRI data analysis using FreeSurfer (https://surfer.nmr.mgh.harvard.edu @),

preprocessing steps included 3D motion correction, slice timing correction, and linear and
quadratic trend removal. We performed no spatial smoothing on the data. We used a double
gamma function to model the hemo-dynamic response function. We eliminated the first four
volumes (8 s) of each run to avoid the initial magnetization transient.

fMRI data analysis

For the main experiment, we performed a general linear model (GLM) analysis for each
participant to estimate voxel-wise regression coefficients in each of the 16 task conditions. The
onset and duration of each block were convolved with a hemodynamic response function and
were then entered to the GLM as regressors. We also included movement parameters and linear
and quadratic nuisance regressors in the GLM. We used these voxel-wise coefficients from the
regions of interest (ROIs) as the basis for all further analyses.

For the early visual area localizer experiment, we estimated voxel regression coefficients in each
of the two conditions (i.e., vertical and horizontal wedge) using a separate GLM. After convolving
with a hemodynamic response function, the onset and duration of each block were entered to the
GLM as regressors of interest. We also included movement parameters and linear and quadratic
nuisance regressors in the GLM. We used the obtained coefficients to define the V1 ROL

For the category localizer, we used another GLM to estimate voxel-wise regression coefficients in
the five task conditions (i.e. faces, scenes, objects, bodies, and scrambled images). The GLM
procedure was similar to the other two experiments. We then used these estimated coefficients to
define the LO, pFs, EBA, and PPA ROIs.

Definition of ROIs

We determined the V1 ROI using a contrast of horizontal versus vertical polar angle wedges that
reveals the topographic maps in the occipital cortex 22! ~. To define the object-selective areas
LO in the lateral occipital cortex and pFs in the posterior fusiform gyrus 245,255 we used a
contrast of objects versus scrambled images. Active voxels in the lateral occipital and ventral
occipitotemporal cortex were selected as LO and pFS, respectively, following the procedure

described by Kourtzi and Kanwisher 252 We used a contrast of scenes versus objects for defining

the scene-selective area PPA in the parahippocampal gyrus 2752, and a contrast of bodies versus
objects for defining the body-selective area EBA in the lateral occipitotemporal cortex ===
thresholded the activation maps for both the early visual localizer and the category localizer at p <

0.001, uncorrected.

Univariate fMRI analysis

We first used a univariate analysis to determine the effect of attention for different category pairs.
Using the voxel-wise coefficients of the isolated conditions associated with each category, we
examined the relative response of each voxel to the two categories for each category pair. This
relative response determined which of the two categories was more preferred by the voxel.
Therefore, for each category pair and each voxel, the category that elicited a higher response in
the isolated condition was assigned the relatively more preferred category (M) label and the other
the relatively less preferred category (L) label.
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3 elife Univariate distance based on the isolated conditions

We had 6 pairs of categories: Body-Car, Body-House, Body-Cat, Car-House, Car-Cat and House-Cat.
As a measure of the difference between the response evoked by each of the two categories in a
pair, we defined a univariate distance. We calculated the univariate distance for each pair of

Unwvariate distance = Rjyjet — Rpat (1)

Here, R denotes the average voxel response across runs, and the subscripts M and L denote the
presence of the more preferred and the less preferred stimuli, respectively. The superscript at
denotes the attended stimulus. Note that in the isolated conditions, the presented stimulus was
always attended. Thus, F);.: is the average response related to the isolated preferred stimulus,
and Rj.: is the average response to the isolated less preferred stimulus. For example, the Body-
Car univariate distance was assessed by R pogyet — Fcarar fOr voxels more responsive to bodies than
cars, and by Rcaret — Rpoay+ for voxels more responsive to cars than bodies. Thus, according to
this measure, two categories that elicited closer responses had less univariate distance, indicating
more similarity in univariate response between the two categories.

Univariate attentional modulation based on the paired conditions

For each of the 6 category pairs, we had two paired conditions, in which stimuli from both
categories were presented, but with attention directed to either one or the other category (for
example, Body*Car and BodyCar® conditions for the Body-Car pair, with the superscript at
denoting the to-be-attended stimulus). Since these paired conditions differed only in the
attentional target and not in the stimuli, any difference observed in cortical response can be

; ; P o0 180,292,300 312 : ;
uniquely ascribed to the shift in attention ..~ =222 2o i o2l We thus defined attentional
modulation for each pair of categories as the change in response when attention shifted from the

more preferred stimulus to the other:
Attentional modulation = Eyjary, — FEpppe (2)

Here, R );.:; denotes the response related to the paired condition with attention directed to the
more preferred category, while R, .:is the elicited response when attending the less preferred
category in the pair. For example, considering the Body-Car pair, attentional modulation was
assessed by Fpodyetcar — FBodycar=: for a voxel preferring bodies to cars, and by

RBodycaret — RBodyetcar for a voxel preferring cars to bodies.

Multivariate pattern analysis

To determine the effect of attention at the multivariate level, and to examine the attentional bias
that the representation of each stimulus receives, we used a multivariate pattern analysis. Here,
rather than comparing the mean values of voxel-wise coefficients in each ROI, we instead
considered the ROI response pattern in each condition as a response vector, with the voxel-wise
coefficients as its elements. Therefore, we had 16 response vectors, one for each task condition, in
each ROI. Similar to the univariate analysis, we used the responses in the isolated conditions to
assess category distance, and the responses in the paired conditions to evaluate the effect of
attention.

Figure 2@ illustrates the response vectors for two stimulus categories (here termed x and y) in
both the isolated and the paired conditions. The four vectors Vit . Viaer . Viaer,  and Viyare
represent the response patterns of the four conditions related to the x-y category pair, with V'
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o7 eL. fe stimuli, respectively, and the superscript att denoting the attended stimulus. Therefore, Vst
OAY]

& | represents the response vector related to the isolated x condition (in which x was automatically
attended), and V,.,.« represents the response vector related to the paired xy condition with

attention directed to the y stimulus.

Multivariate distance based on the isolated conditions

As illustrated in Figure 2%, the two isolated response vectors V... and V.« have a certain
distance because the response across the voxels varies for the two stimuli. For two stimuli that
elicit more similar response patterns in an RO], the isolated response vectors are closer to each
other. Thus, we defined the multivariate distance between the two isolated response vectors V.
and V.« in each ROI using Pearson’s correlation, as shown in Equation 3@

Multivariate distance = 1 — p(Vyaee, Viyjare) (3)

where V.« and V,.: represent the response vectors related to isolated x and y conditions, and p
denotes Pearson’s correlation between the two response vectors. For stimuli with more similar
response patterns, the correlation between their response vectors will be higher, leading to lower
multivariate distance.

Multivariate effect of attention based on the
paired conditions (attentional weight shift)

Similar to the isolated conditions, we considered the response pattern in the paired conditions as
vectors, Viart, and Vi« (Figure 2(%). The response vectors in the paired conditions can be
written as a linear combination of the response vectors in the isolated conditions, with an error

term denoting the deviation of the paired-condition responses from the plane defined by the
602

isolated-condition responses -, as shown in Equation 43 :
V(:(r,f!»y = day - V‘;.«tr -+ as - I/}),ntt + €1 (43)
chuu. = bl . V,,.un + [)2 . .[f);}rxl.f. + €2 (41'))

Here, parameters a; and a, are the weights of the isolated x and y responses, respectively, when x
is attended, and parameters by and b, are the respective weights of isolated x and y responses
when y is attended. The weights are determined by projecting the paired vectors on each of the
isolated vectors (Figure 2(%). ¢; and ¢, denote the error terms related to the deviation of the
Viyatey and Viyeee from the Via:e — Vi plane, respectively. A higher a; compared to a, indicates
that the paired response pattern is more similar to V,.:: compared to V,.+, and vice versa.

In the presence of two stimulj, if attention could completely remove the effect of the unattended
stimulus, the paired response would be the same as the response to the isolated attended stimulus.
However, the information related to the unattended stimulus is not fully removed and attention
has been shown to only increase the weight of the response related to the attended stimulus in the
paired response 82, To examine whether this increase in the weight of the attended stimulus is
constant or if it depends on the similarity of the two stimuli in cortical representation, we defined

the weight shift as the multivariate effect of attention:

ay b 1

Aapm b
w ay +as by + by

(5)

weight shift, Aw, is the change in the relative weight of the isolated x response in the paired
response when attention shifts from x to y. A higher Aw for a category pair indicates that attention
is more efficient in removing the effect of the unattended stimulus in the pair.
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Figure 2

Response vectors related to x and y stimuli in isolated and paired conditions.

Vyare and Vyett denote the response vectors related to isolated x and isolated y conditions. Yeetty and Vayett illustrate the

response in paired conditions, when attention is directed to stimulus x and y, respectively. Each paired response was
projected on the two isolated responses Vzatt and Yyett. aq and by represent the weight of isolated x response in the pair

response, respectively for the Veatty and Vayett responses. a, and b, represent the weight of the isolated y response in the
Viarry and Veyert paired response, respectively.
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% eLife Simulations
We investigated the mechanisms underlying the observed effect of stimulus similarity on
attentional modulation using simulations. We considered two models for attentional
enhancement: a response gain model .22 % and a tuning sharpening model 172322,

According to the response gain model, attention to an object multiplicatively increases neural
responses to that object (Figure 3A (). For instance, for a body-selective neuron, this mechanism
can be implemented using Equation 6%

RBUQ"U‘" — .-6, ' R‘Budy (6?1)
RC‘a.r“" = ‘3 ' RC’ar (6}))

Here, Rp,qy is the neuron’s response to an ignored body stimulus, and /paqy-: is the response of
the neuron to the attended body stimulus, which is enhanced by the attention factor, . Rq, and
Rcarerin Equation 6b @ denote the response of the same body-selective neuron to an ignored
and an attended car stimulus, respectively. The response gain model posits that attention to either
stimulus enhances the response of the neuron by the same attention factor. This multiplicative

s . 2 2
scaling preserves the shapes of the neurons’ tuning curves 330,150,

In contrast, according to the tuning sharpening model, attention to an object increases neural
responses relative to their responsiveness to that object (Figure 3B ). Therefore, while the
response of a neuron is substantially enhanced when an optimal stimulus is attended, its response
to an attended non-optimal stimulus is increased to a lesser degree, or even decreased. The tuning

sharpening model thus predicts a sharpening of the neurons’ tuning curve with attention 320,

We implemented this mechanism using Equation 72

Rpoayer = B+ 81 - Body (7a)
Rcarat = B - 83 - Roar (7b)
s1 = %ﬁ’“ (7c)

83 = % (7d)

In the above equations, R Body: Rear: Rpoayerand Reg, .t denote the neuron’s response to ignored
body, ignored car, attended body, and attended car stimuli, respectively. Parameters s; and s,
likewise denote the degree of the neuron’s selectivity to body and car stimuli. Parameter S is the
attention factor. R, is the response of the neuron to its optimal stimulus.

We simulated the action of the response gain model and the tuning sharpening model using
numerical simulations. We composed a neural population of 108 neurons in equal proportions
body-, car-, cat- or house-selective. Each neuron also responded to object categories other than its
preferred category, but to a lesser degree and with variation. The neural responses and the
attention factor were randomly chosen from a range comparable with neural studies of attention

and object recognition in the ventral visual cortex > 3003342,

Attention was implemented according to the above equations. Using Equations 6% and 72, we
calculated the response of each neuron to the same 16 conditions as our main fMRI experiment.
Then, we randomly chose 1000 neurons with similar selectivity from the population, and averaged

their responses to make up a voxel.
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Attentional modulation by the response gain model and tuning sharpening model.

We illustrate the models here for the example of a neuron with high selectivity for cat stimuli. Solid curves denote the
response to unattended stimuli and dashed curves denote the response to attended stimuli. (A) According to the response
gain model, the response of the neuron to attended stimuli is scaled by a constant attention factor. Therefore, the response
of the cat-selective neuron to an attended stimulus is enhanced to the same degree for all stimuli. (B) According to the tuning
sharpening model, the response modulation by attention depends on the neuron'’s tuning for the attended stimulus.
Therefore, for optimal and near-optimal stimuli such as cat and body stimuli the response is highly increased, while for non-
optimal stimuli such as houses, the response is suppressed.
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We modeled two neural populations: an object-selective population with mixed preference across
vozxels, and a second population with similar preference for all voxels. The former population
models the object-selective cortex that does not have a clear preference for any one category. The
latter population models category-specific regions that respond more strongly to one category of
objects than to others. Finally, we performed the same univariate and multivariate analyses as
those used for the fMRI data to compare the predictions of each model with the observed data.

7 eLife

Results

Behavioral results

Participants performed a one-back task to maintain attention towards the cued stimuli. Accuracy
in each experimental run was checked during the scan to ensure that participants followed the
instructions. Participants had an average performance of 90.49% across all runs, confirming
effective attention towards the cued stimuli (chance level without attention 50%). As expected,
average performance in the isolated conditions (94.82%=+0.046) was significantly higher than in the
paired conditions (89% =+ 0.07, with t(14) = 7.2 and p < 0.0001), since detecting a repetition in the
superimposed case was more difficult.

Attentional modulation varies dependent
on target-distractor difference in response

We considered the effect of attention in five ROIs: the primary visual cortex V1, the object-selective
regions LO and pFs, the body-selective region EBA, and the scene-selective region PPA. We
obtained the voxel-wise responses through a general linear model in those ROIs for all task
conditions, consisting of four isolated conditions (blocks with isolated stimuli from one category)
and 12 paired conditions (blocks with superimposed stimuli from two categories, see Figure
1B@). There were 6 combinations of category pairs: Body-Car, Body-House, Body-Cat, Car-House,
Car-Cat and House-Cat. For each voxel we determined its relative preference for the two categories
of each category pair, based on its response to the two categories in isolation. Thus, for each pair,
one category was labeled as the more preferred category (M), and the other as the less preferred
category (L). Considering the isolated and paired conditions related to each category pair, we
hereafter refer to the conditions related to each category pair as M%, M*L, ML, and L%, with M
and L denoting the more preferred and the less preferred categories for each voxel, and the
superscript at denoting the attended stimulus.

For instance, for the Body-Car pair, for a voxel that showed a higher response to body stimuli than
to car stimuli, the four associated conditions related to the pair were referred to as M@ (attended
body stimuli), ML (attended body stimuli paired with ignored car stimuli), ML (attended car
stimuli paired with ignored body stimuli), and L% (attended car stimuli). If the same voxel was
more responsive to cats than bodies, then the four conditions related to the Body-Cat pair would
be referred to as: M% (attended cat stimuli), ML (attended cat stimuli paired with ignored body
stimuli), ML¥ (attended body stimuli paired with ignored cat stimuli), and L% (attended body
stimuli).

We next determined the amount of attentional modulation for each category pair using the voxel-
wise coefficients related to the two paired conditions, MA@, and ML®. We defined attentional
modulation for each category pair as the change in response when attention shifted from the M
category to the L category in the presence of both stimuli 1852:2902:302.31% (see Figure 42,

illustrated for all pairs in EBA).
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Average voxel response in EBA for each pair of stimulus categories.
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instance, M% refers to the condition in which the more preferred stimulus was presented in isolation (and automatically

attended), and ML% refers to the paired condition in which the less preferred stimulus was attended to. Red arrows in each
panel illustrate the observed attentional modulation (AM) caused by the shift of attention from the more preferred to the less

preferred stimulus. Green arrows in panels B and C illustrate the difference in the response to isolated stimuli. Error bars
represent standard errors of the mean. N = 17 human participants.
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We observed a significant reduction in response when attention shifted from the M stimulus to the
L stimulus for all pairs in the higher-level ROIs (ts > 3, ps < 0.04, corrected) except for the Body-Car,
Body-Car, and Car-Cat pairs in PPA (ts < 2, ps > 0.3, corrected) and the Car-House pair in EBA (t(16)
=1, p =0.9, corrected). In V1, we observed no significant attentional modulation for any pairs (ts <
2.5, ps > 0.1, corrected) except for the Body-Car pair (¢(16) = 3.8, p < 0.01, corrected). Thus, the
observed effect was limited to higher-level visual areas. Since presented stimuli were the same in
both conditions, this effect is unequivocally due to attentional modulation caused by the shift in
attention.

7 eLife

Closer comparison of the results suggests that for pairs with significant attentional modulation,
the modulation is not uniform. Instead, attentional modulation was greater for pairs in which the
M and L stimuli elicited more different responses compared to pairs with M and L stimuli eliciting
closer responses. For example, we observed a larger attentional modulation for the Body-House
pair (Figure 4B ) compared to the Body-Cat pair (Figure 4C(%) in all ROIs (ts > 4, ps < 0.001,
Figures 4B-C (%, compare the size of the red arrows) except for V1 (¢(16) = 0.65, p = 0.5). Comparing
the isolated responses for these two pairs, we observed that the difference between the response
of the isolated Body and isolated House conditions was generally higher than the difference
between the isolated Body and isolated Cat conditions in all ROIs (ts > 4, ps < 0.001, Figure 4B-C(2,
compare the size of the green arrows).

To examine this relationship quantitatively for all category pairs, we used two approaches. First,
in a univariate analysis using average voxel responses, we determined the relationship between
the observed attentional modulation and the difference in isolated responses. Next, in a
multivariate pattern analysis, we considered the response patterns in each ROI and looked for the
underlying basis of this variation in attentional modulation at the multivariate level. This analysis
enabled us to determine whether the bias of attention on the representation of the attended
stimulus differed for different category pairs.

Attentional modulation decreases for target-
distractor pairs that elicit closer responses

We first used a univariate analysis to determine the relationship between attentional modulation
and category distance across pairings and in different ROIs. After determining the voxel-wise M
and L categories for each category pair, we calculated the difference in the isolated response
elicited by the two categories (univariate category distance) using the two isolated conditions M
and L% (Equation 1).

We then assessed the attentional modulation related to the pair as the amount of the reduction in
response when attention shifted from the M stimulus to the L stimulus in the paired presentation
of both stimuli (Equation 2 ). For instance, for the Body-Car pair and a voxel more responsive to
bodies than cars, univariate category distance was calculated by Fpodyet — Rcaret, and univariate
attentional modulation was calculated by Fgody«tcar — BBodycarat .

We observed a significantly positive correlation between univariate attentional modulation and
category distance in all ROIs (ts > 4, ps < 0.001) except V1 (¢(16) = 0.67, p = 0.51, see Figure 52).
These results demonstrate that for stimuli that elicit more different responses, attention causes a
greater response modulation, while the shift of attention between stimuli with more similar
responses causes little response change.This indicates that the amount of attentional modulation is
related to the response difference between the two presented stimuli.
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Attentional modulation versus category distance in each ROI.

(A-E) The value of attentional modulation versus category distance. M%'L and ML% denote the two paired conditions with
attention directed to the more preferred (M) or less preferred (L) stimulus, respectively. M and L% represent the isolated
conditions, respectively, with the more preferred or the less preferred stimulus presented in isolation. Each circle represents
the values related to one category pair. Note that the data illustrated here are averaged across subjects only for illustration
purposes. R&.=. was calculated for individual participants and statistical significance using t-tests across participants as
illustrated in panel F. (F) R2Z. for the correlation between attentional modulation and category distance in each ROI. Asterisks
indicate that the correlation coefficients are significantly positive. Error bars represent standard errors of the mean. N =17
human participants.
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7 ELIfe The multivariate effect of attention decreases

for more similar target-distractor pairs

The univariate analysis above considers average response only and thus cannot capture other
aspects of response variance. For example, in an object-selective region with diverse selectivity for
different objects, the average response to body and house stimuli is close, but the response pattern
may be very different since voxels highly responsive to bodies do not show high responses to
houses, and vice versa. Thus, we had to consider voxel preferences in the univariate analysis to
observe the difference in response between the two categories.

We complement the univariate approach with a multivariate pattern analysis to assess the
relationship between the effect of attention and category distance at the multivariate level. By
considering the whole response pattern in an ROI to each stimulus, we can compare the responses
to each stimulus without considering voxel preferences. Moreover, using this method we can
determine the weight of the response to each isolated stimulus in the total response, and
determine the attentional bias related to each category pair.

The multivariate representation of two simultaneously-presented stimuli can be written as the
62

weighted average of the representations of the two stimuli presented in isolation -.=2: When one
stimulus is attended, the weight of the response to that stimulus increases in the multivariate
representation.

Taking this approach, for each category pair (e.g. Body-Car), we considered the multivariate
representation of the two paired conditions (Vpoaye:car and Vodycaret, with V denoting the
multivariate response pattern of each condition), and determined the weight of each of the
isolated-stimulus responses ( Vgogy-t and Vi ,,.«¢) in the paired response (Figure 2%). We then
calculated the difference between the weight of each stimulus when it was the target and when it
was the distractor (e.g. for the Body-Car pair, the difference between the weight of Vgoay-+ in
VBodyetcar and Vaodaycarat ).

If attention could perfectly remove the effect of the distractor, the weight of the attended stimulus
would equal one and the representation of the pair would be identical to the representation of the
isolated target. In this case, the difference between the weight of the stimulus representation
when attended and ignored would be a maximal value of one. However, if the distractor is not
completely removed, this leads to a weight shift value smaller than one. Thus, the magnitude of
the weight shift is an indicator of the efficiency of attention, with greater values indicating a
higher efficiency of attention in removing the distractor.

To compare the efficiency of attention across category pairs, we calculated the weight shift for
each category pair (Equation 5 ). Then, to determine whether this multivariate effect of
attention was dependent on the similarity between the target and the distractor in their cortical
representation, we calculated the multivariate category distance for each category pair (Equation
33@).

We observed that the attentional weight shift was not constant for different category pairs, and
that weight shift and category distance correlated positively in LO, pFs and EBA (ts > 4.4, ps <5
x1073, Figure 6(%), marginally significantly in PPA (t(16) = 1.8, p = 0.09), and not in V1 (t(16) = 0.42,
p = 0.68). These results indicate that the attentional bias towards a stimulus in a pair decreases as
the similarity between the two stimuli in neural representation increases.
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% eLife Tuning sharpening predicts the dependence of

attentional modulation on target-distractor similarity

We observed empirically that attentional enhancement is not constant and content-independent,
but rather depends on the response similarity between the target and the distractor. We next
asked whether gain increase or tuning changes predict the observed effect of target-distractor
similarity on attentional modulation.

Based on the response gain model, attention increases neural responses by scaling the responses
by a constant attention factor 158,162 Therefore, the response gain model predicts that attention
scales the neurons’ tuning function without affecting its shape (Figure 3A@).

In contrast, the tuning sharpening model proposes that attention enhances the response of each
neuron based on its preference to the attended stimulus 1752325 Therefore, this model predicts
that attention causes a sharpening of the neurons’ tuning function, with a sharp increase in the
response to optimal stimuli, and no increase in the response to the non-optimal stimuli (Figure

3B@).

To examine which of these mechanisms could account for the observed results, we simulated the
responses of a neural population to isolated or paired stimuli from the four categories of bodies,
cars, houses and cats. Equivalent to the fMRI experiment, we determined neuronal responses to
stimuli presented either in isolation or paired with stimuli from another category (Figure 1B®).
We implemented attentional modulation of the neural responses either using the response gain
model (Equation 6 @), or the tuning sharpening model (Equation 72 ). We then used the
univariate and multivariate analyses equivalent to those used for the fMRI data to determine
which model predicts the empirical data.

We created two neural populations: i) a population with similar selectivity across all neurons to
represent a region with strong preference for a specific object category, in which neurons
generally show high response to stimuli from that category, and ii) a population with varying
selectivity across neurons, representing object-selective regions, in which neurons show different
selectivities. Then we assessed attentional modulation using the reduction in response when
attention shifted from the stronger to the weaker stimulus in a pair (Equation 2@), and examined
its relationship with univariate category distance (Equation 12).

We found that the response gain model predicted no relationship between attentional modulation
and category distance in either population (Figure 7A-B®). In contrast, the tuning sharpening
model predicted a positive correlation between attentional modulation and category distance in
both neural populations (Figure 7C-D ). Thus, the tuning sharpening model provides a better
prediction of the empirical data compared to the response gain model.

Next, for the multivariate analysis, we assessed the attentional weight shift for each category pair
as attention shifted from one stimulus to the other (Equation 5), and examined its relationship
with the multivariate category distance (Equation 3 (). Here, too, we find that the response gain
model predicted no relationship between attentional weight shift and category distance (Figure
8A-B ). In contrast, the tuning sharpening model predicted a positive relationship between
weight shift and category distance, providing further evidence for tuning sharpening as the
underlying mechanism for attentional enhancement.

In sum, the tuning model predicts the empirically-observed effect of target-distractor similarity on
attentional modulation both at the univariate and at the multivariate level, while the response
gain model does not.
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Attentional modulation as a function of category

25 30

Mat _ Lat

| 1
35 40 45 50 b5

110
100
90
80
70

MEtL - ML=

60
50
40

30.

100

90

80

70

Ma‘tL _ MLat

60

50

distance, as predicted by the two attentional mechanisms.

Tuning Model

1 1
100 110

1
40 50 60 70 80 90 100

MO and ML? denote the two paired conditions with attention directed to the more preferred (M) or the less preferred (L)
stimulus, respectively. M% and L% represent the isolated conditions, respectively with the M or the L stimulus presented in

isolation. Top panels represent predictions in a region with strong preference for a specific category, and bottom panels

illustrate predictions in an object-selective region. Each circle represents a pair of categories. (A) Predicted attentional
modulation based on the gain model in a region with strong preference for a specific category. Predicted attentional
modulation based on the gain model in an object-selective region. (C) Predicted attentional modulation based on the tuning
model in a region with strong preference for a specific category. (D) Predicted attentional modulation based on the tuning
model in an object-selective region.
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Predicted weight shift as a function of category distance.

Weight shift for each pair is calculated using Equation 52 . Category distance represents the difference in multi-voxel
representation between responses to the two isolated stimuli, calculated by Equation 3. Top panels are related to
predictions in a region with strong preference for a specific category and bottom panels illustrate predictions in an object-
selective region. (A) Weight shift predicted by the gain model in a region with strong preference for a specific category. (B)
Weight shift predicted by the gain model in an object-selective region. (C) Weight shift predicted by the tuning model in a

region with strong preference for a specific category. (D) Weight shift predicted by the tuning model in an object-selective
region.
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% elLife Discussion

Visual stimuli compete for resources in the brain. The biased competition model posits that
attention to a stimulus biases this competition in favor of the attended stimulus 18,308,702 Here,
we examined the change in this attentional bias by systematically varying the target and
distractors. Using fMRI, we showed that rather than being a constant top-down bias, attentional
modulation depends on the similarity between the target and the distractor in their cortical
representation, both at the univariate level and at the multivariate level. Using simulations, we
arbitrated between the response gain model and the tuning sharpening model as mechanisms of
attention for the observed effect, and showed that the empirical results were explained by the

latter and not the former.

Effect of target-distractor similarity on attentional modulation

Using stimuli from four object categories, our study reveals the neural basis of the attentional
effect graded by target-distractor similarity in the human brain both at the univariate level and at
the multivariate level. This finding has two important implications:

First, our results show that in the competition between multiple stimuli, the attentional bias is not
constant. Previous studies have shown attentional modulation in the human brain as an average
value without considering its variance for different pairings of targets and distractors 8. These
previous accounts of attention cannot explain the variance in performance for the same number
of stimuli from different categories. Assessing the role of stimulus content in the bias caused by
attention, we confirm that attention enhances the response related to the target. We refine our
understanding by showing that however the attentional bias offers less advantage for a more
similar target-distractor pair.

Second, this finding provides direct neural evidence for the adverse effects of target-distractor
similarity on performance, as previously reported in behavioral studies 122,142 While
behavioral data have suggested that this effect is due to limitation in processing, no investigation
has been made to determine the underlying reason or find a mechanistic explanation. Our results
demonstrate that this reduction in performance is because the representation of the target
(relative to the distractor) is less effectively enhanced by attention when the target becomes more
similar to the distractor.

We observed a significant attentional modulation in higher-level regions of the occipito-temporal
cortex, but not in V1. Evidence on the effect of attention on V1 responses are divergent, with some
previous neuroimaging studies showing a significant effect of attention on neural responses

apparent discrepancy results from the form of attention under study. Here, we study object-based
attention with a superimposed design that excludes response modulation by space-based
attention. Previous reports of significant attentional modulation in V1 include studies of space-
based attention with stimuli presented at different locations 352,362 Considering the high
reliance of V1 responses to location, the effect of attention is less pronounced when the two

stimuli are presented at the same location, as is the case in the present study.

A model for object-based attentional enhancement

Using a simulation approach, we provide a mechanistic explanation for the observed graded
attentional effect. Our modeling results have two implications:

First, we demonstrate that tuning sharpening, but not response gain, predicts the observed
reduction in the effect of attention for more similar target-distractor pairs both at the univariate
and at the multivariate level. Previous research has shown that a change in the tuning function
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improves attentional selection at high external noise levels 3252 Our results indicate that a change

in tuning function could also lead to behavioral disadvantage in an environment where the target
is not very different from the surrounding items. When attention is directed towards the target,
the response to non-target objects that are more similar to the target is also enhanced, albeit to a
lesser amount, leading to an overall weaker effect of attention for a more similar target-distractor
pair.

7 eLife

Second, providing evidence from the human brain in favor of tuning sharpening, we suggest
tuning sharpening as the underlying mechanism in the domain of object-based attention. By
comparing the response gain model and the tuning sharpening model directly in a single study, we
provide strong evidence that arbitrates between the theories. The effects of attention have
generally been explained by attention acting through increasing the contrast or response gain,
especially for space-based attention 1521659382 However, a simple increase in gain cannot
explain all reported effects of attention, and a change in the shape of the tuning curves has been

. : . A 4004 3207
observed during visual search =77, , and feature-based attention .1/ 5240%,3202,

It is important to note that our speculation on the role of tuning sharpening in object-based
attention is based on simulations and not neural data. To ascertain tuning sharpening as the
underlying mechanism for object-based attention, intracranial recordings from the human brain
are needed.

Conclusion

In sum, our results unravel the cortical basis by which target-distractor similarity affects
attentional modulation, and indicate tuning sharpening as the underlying mechanism for
response enhancement during object-based attention.
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Reviewer #1 (Public Review):

Summary:

The authors report an fMRI investigation of the neural mechanisms by which selective
attention allows capacity-limited perceptual systems to preferentially represent task-relevant
visual stimuli. Specifically, they examine competitive interactions between two
simultaneously-presented items from different categories, to reveal how task-directed
attention to one of them modulates the activity of brain regions that respond to both. The
specific hypothesis is that attention will bias responses to be more like those elicited by the
relevant object presented on its own, and further that this modulation will be stronger for
more dissimilar stimulus pairs. This pattern was confirmed in univariate analyses that
measured the mass response of a priori regions of interest, as well as multivariate analyses
that considered the patterns of evoked activity within the same regions. The authors follow
these neuroimaging results with a simulation study that favours a "tuning" mechanism of
attention (enhanced responses to highly effective stimuli, and suppression for ineffective
stimuli) to explain this pattern.

Strengths:

The manuscript clearly articulates a core issue in the cognitive neuroscience of attention,
namely the need to understand how limited perceptual systems cope with complex
environments in the service of the observer's goals. The use of a priori regions of interest,
and the inclusion of both univariate and multivariate analyses as well as a simple model, are
further strengths. The authors carefully derive clear indices of attentional effects (for both
univariate and multivariate analyses) which makes explication of their findings easy to
follow.

Weaknesses:

There are some relatively minor weaknesses in presentation, where the motivation behind
some of the procedural decisions could be clearer. There are some apparently paradoxical
findings reported -- namely, cases in which the univariate response to pairs of stimuli is
greater than to the preferred stimulus alone -- that are not addressed. It is possible that some

Narges Doostani et al., 2023 eLife. https://doi.org/10.7554/eLife.89836.1 26 of 28


https://doi.org/10.7554/eLife.89836.1
http://orcid.org/0000-0003-4190-6071
http://orcid.org/0000-0003-1830-2501

of the main findings may be attributable to range effects: notwithstanding the paradox just
noted, it seems that a floor effect should minimise the range of possible attentional
modulation of the responses to two highly similar stimuli. One possible limitation of the
modelled results is that they do not reveal any attentional modulation at all under the
assumptions of the gain model, for any pair of conditions, implying that as implemented the
model may not be correctly capturing the assumptions of that hypothesis.

7 eLife

Reviewer #2 (Public Review):

Summary:

In an fMRI study requiring participants to attend to one or another object category, either
when the object was presented in isolation or with another object superimposed, the authors
compared measured univariate and multivariate activation from object-selective and early
visual cortex to predictions derived from response gain and tuning sharpening models. They
observed a consistent result across higher-level visual cortex that more-divergent responses
to isolated stimuli from category pairs predicted a greater modulation by attention when
attending to a single stimulus from the category pair presented simultaneously, and argue via
simulations that this must be explained by tuning sharpening for object categories.

Strengths:

- Interesting experiment design & approach - testing how category similarity impacts neural
modulations induced by attention is an important question, and the experimental approach
is principled and clever.

- Examination of both univariate and multivariate signals is an important analysis strategy.
- The acquired dataset will be useful for future modeling studies.

Weaknesses:

- The experimental design does not allow for a neutral 'baseline’ estimate of neural responses
to stimulus categories absent attention (e.g., attend fixation), nor of the combination of the
stimulus categories. This seems critical for interpreting results (e.g., how should readers
understand univariate results like that plotted in Fig. 4C-D, where the univariate response is
greater for 2 stimuli than one, but the analyses are based on a shift between each extreme
activation level?).

- Related, simulations assume there exists some non-attended baseline state of each
individual object representation, yet this isn't measured, and the way it's inferred to drive the
simulations isn't clearly described.

- Some of the simulation results seem to be algebraic (univariate; Fig. 7; multivariate, gain
model; Fig. 8).

- Cross-validation does not seem to be employed - strong/weak categories seem to be assigned
based on the same data used for computing DVs of interest - to minimize the potential for
circularity in analyses, it would be better to define preferred categories using separate data
from that used to quantify - perhaps using a cross-validation scheme? This appears to be
implemented in Reddy et al. (2009), a paper implementing a similar multivariate method and
cited by the authors (their ref 6).

- Multivariate distance metric - why is correlation/cosine similarity used instead of something
like Euclidean or Mahalanobis distance? Correlation/cosine similarity is scale-invariant, so
changes in the magnitude of the vector would not change distance, despite this likely being
an important data attribute to consider.

- Details about simulations implemented (and their algebraic results in some cases) make it
challenging to interpret or understand these results. E.g., the noise properties of the
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7 ELI fe simulated data aren't disclosed, nor are precise (or approximate) values used for simulating
KA attentional modulations.

- Eye movements do not seem to be controlled nor measured. Could it be possible that some
stimulus pairs result in more discriminable patterns of eye movements? Could this be ruled
out by some aspect of the results?

- A central, and untested/verified, assumption is that the multivariate activation pattern
associated with 2 overlapping stimuli (with one attended) can be modeled as a weighted
combination of the activation pattern associated with the individual stimuli. There are hints
in the univariate data (e.g., Fig. 4C; 4D) that this might not be justified, which somewhat calls
into question the interpretability of the multivariate results.

- Throughout the manuscript, the authors consistently refer to "tuning sharpening”, an idea
that's almost always used to reference changes in the width of tuning curves for specific
feature dimensions (e.g., motion direction; hue; orientation; spatial position). Here, the
authors are assaying tuning to the category (across exemplars of the category). The link
between these concepts could be strengthened to improve the clarity of the manuscript.
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