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Predicting high-level visual areas
in the absence of task fMRI

M. Fiona Molloy*?, Zeynep M. Saygin® & David E. Osher***

The ventral visual stream is organized into units, or functional regions of interest (fROls), specialized
for processing high-level visual categories. Task-based fMRI scans (“localizers”) are typically used to
identify each individual’s nuanced set of fROIs. The unique landscape of an individual’s functional
activation may rely in large part on their specialized connectivity patterns; recent studies corroborate
this by showing that connectivity can predict individual differences in neural responses. We focus on
the ventral visual stream and ask: how well can an individual’s resting state functional connectivity
localize their fROIs for face, body, scene, and object perception? And are the neural processors for
any particular visual category better predicted by connectivity than others, suggesting a tighter
mechanistic relationship between connectivity and function? We found, among 18 fROIs predicted
from connectivity for each subject, all but one were selective for their preferred visual category.
Defining an individual’s fROIs based on their connectivity patterns yielded regions that were more
selective than regions identified from previous studies or atlases in nearly all cases. Overall, we found
that in the absence of a domain-specific localizer task, a 10-min resting state scan can be reliably used
for defining these fROIs.
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A major contribution of human brain mapping is the discovery of the organization of the ventral visual stream
into category-selective units of visual processing?. Advances in non-invasive neuroimaging, specifically func-
tional magnetic resonance imaging (fMRI), have revealed regions in the inferior temporal cortex that are special-
ized for specific visual categories, such as faces (e.g., in the FFA, or fusiform face area’), bodies (e.g., in the EBA,
or extrastriate body area?), and scenes (e.g., in the PPA, or parahippocampal place area’). Other studies have
revealed the presence of additional specialized regions, such as a region specialized for orthography (visual word
form area, VWFA®), and, more recently, food-processing units’. These regions, called functional modules or func-
tional regions of interest (fROIs), also exist in domains outside of vision, such as language and theory of mind®.

These fROIs can be identified within an individual using task-based fMRI localizers’'!. fROIs are not homog-
enous across individuals, as individual differences exist in the location, size, and shape of these fROIs'?. Identify-
ing these regions is important for researchers who want to investigate how they function. Further, exploring how
category-selective regions vary across individuals and how they relate to behavior can help reveal the mechanisms
that govern visual selectivity. Using fROIs also has practical advantages, such as providing a standard brain space
circumventing difficulties registering across subjects, and limiting the number of comparisons thus lowering
the false positive rates'.

The gold standard for identifying fROIs is using an independent task-based localizer. For visual regions, these
localizer tasks often involve viewing pictures or videos of different visual stimuli, running a generalized linear
model to compute activation for each category (often through contrasting a different category), and then defining
the fROI either by hand-selecting active voxels, or by using a user-specified threshold within a prespecified region
(e.g., the group-constrained subject specific approach®!!). Note this localizer run must be done independently
to avoid circularity. Often, this necessitates running many additional task runs to localize regions which may
limit data collection for the experiment of interest.

In the absence of localizer task data, researchers can identify fROIs using group-level atlases. These atlases
could be a domain-general whole-brain parcellation, constructed from cytoarchitecture (such as Brodmann
areas'*!®), structural MRI'®", or multiple modalities, including task data (e.g., the Glasser multi-modal
parcellation'®). These group-level atlases could alternatively be comprised of probabilistic parcels constructed
for a specific domain (such as language or high-level vision'"'?). In addition to saving scanner time, these atlases
are usually easy to apply to data and provide a common ground for comparisons across studies and populations.
Further, these approaches allow for secondary data analyses of existing datasets that did not collect a localizer
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task in a domain of interest. However, these atlases do not account for individual differences, which are known
to be extensive in fROIs.

There may be a third way to identify fROIs through an individual’s own neural circuitry. Leveraging con-
nectivity data (either structural connectivity from diffusion weighted imaging or functional connectivity from
resting state fMRI) could provide an alternative to atlas-based approaches. This can be useful in analyzing data
that have already been collected that did not include an appropriate localizer task (or even any task data). In
particular, many of the large open-access neuroimaging datasets included limited or no runs of a high-level visual
task, but collected extensive connectivity data?®. Additionally, there exist large and stable individual differences
in connectivity?!, and connectivity relates to behavior and cognition?’. Because of this, connectivity could relate
to individual differences in fROIs as well. Saygin et al.>* demonstrated that an individual’s structural connec-
tivity patterns can predict that individual’s face activity in the fusiform gyrus. Later, Osher et al.** generalized
these findings, using structural connectivity to predict category-responses to faces, bodies, scenes, and objects
in additional regions. Together, these studies indicate the promise of using an individual’s connectivity to map
individual-specific ventral visual areas. However, they predict the degree of responsiveness of individual voxels,
as opposed to identifying fROIs directly. Further, both approaches used relatively coarse anatomical parcels, such
as the entire fusiform gyrus, as a spatial constraint of individual models. Here, we use resting state functional
connectivity, and more precise search spaces'!, in order to identify 18 regions that selectively respond to faces,
bodies, scenes, or objects within single subjects.

In addition to these structural connectivity predictions, previous research has demonstrated a close link
between functional connectivity and task activity?. Note that while structural and functional connectivity are
correlated, the link between these two measures remains unclear?. Using resting state functional connectivity
from the Human Connectome Project”, Cole et al.?® and Tavor et al.?’ predicted task activity and contrast maps,
respectively, for seven different tasks, including working memory, gambling, motor, language, social relational,
and emotion. Since then, resting state functional connectivity has been shown to be predictive of an individual’s
task activity in other domains, such as in auditory and visual selective attention areas in the frontal lobe®, in the
frontoparietal network®, and in the language network®. Most recently, researchers have proposed improvements
to the model presented in Tavor et al.?’ using more complex machine learning methods®-%>.

Here, we test a potential application of functional connectivity predictive modeling by exploring the feasi-
bility of using these model predictions to define fROIs without using any task data, in the absence of functional
localizers. We compute these regions within parameters that closely represent the practicalities of a standard
experiment. Instead of using 60 min of resting state data (as was done in ?%?33-%%), we use a single resting state
scan of approximately 10 min. The performance of these connectivity-predicted fROIs will be evaluated based
on if they are indeed selective for their preferred category and outperform other (e.g., atlas) approaches.

First, we describe the nested cross-validation procedure to construct and fit the predictive connectivity
models for fROIs selective for objects, scenes, faces, and bodies from 40 adults with a 10-min resting state ses-
sion and two runs of a dynamic localizer task. Second, we demonstrate the selectivity of the resulting fROIs
based on data from the left-out task run. Third, we ask whether the connectivity-predicted fROIs outperform
group-level atlas approaches. Finally, we investigate regional and hemispheric differences in the selectivity of
connectivity-predicted fROIs. Overall, we find resting state functional connectivity can generate individual-
specific regions that are selective for high-level visual categories. We conclude by discussing the variable nature
of the structure-function relationship, and how it may vary throughout the brain or generalize to other cognitive
domains and populations.

Methods

An overview of the predictive modeling approach is summarized in Fig. 1. Briefly, we predict an individual’s
task activation to a specific category within a putative ventral visual fROI' using that individual’s resting state
connectivity within that region to the rest of the brain. The connectivity-predicted fROIs are then defined from
those model predictions. A nested cross-validation approach is used to train and optimize the model and result-
ing fROIs are evaluated based on expected categorical selectivity and individual specificity.

Participants

The sample included 40 participants (21 females and 19 males) between the ages of 18 and 55 (mean =24.63
years, standard deviation =6.74 years) recruited at The Ohio State University. The study was approved by the
Institutional Review Board at The Ohio State University, informed consent was obtained from all participants,
and the study was conducted following all relevant guidelines and regulations.

Acquisition

Each participant completed two runs of a functional localizer task, one resting state run, and a high-resolution
structural scan. The task was a dynamic visual localizer* with short video clips of faces, bodies, scenes, objects,
and scrambled objects (TR =1000ms, TE =28ms, voxel size =2 x 2 x 3mm). Participants were asked to passively
view 3-s video clips of each category. The face and body conditions consisted of video clips of young children’s
faces and body parts (e.g., hands, legs) respectively naturally moving with a black background. The object con-
dition consisted of different moving objects (toys) filmed on a black background (e.g., blocks swinging), and
scrambled objects were constructed by scrambling each frame of the object videos into a 15 x 15 grid. For each
category, six 3-s video clips were shown per block (18 s per condition). One run (total TR=234, 3.9 min total)
contained 2 blocks per condition, with 3 rest blocks (6 s of alternating full screen colors) at the beginning, mid-
dle, and end of each run. The order of conditions for each participant was randomized.
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Figure 1. Model fitting schematic. For each fROI (right FFA pictured as an example), we trained a model to
predict an individual’s task activity (each search space!! voxel’s response to the preferred category) using that
same individuals functional connectivity at rest (each search space voxel’s connectivity to the entire brain). A
nested cross validation loop was constructed to optimize the model’s parameters (e.g., A for ridge regression
models) without overfitting the model.

A 9.67-min resting state scan (TR =1000ms, TE =28ms, voxel size =2 x 2x3mm) was also acquired for all
participants (total TR=580). A white fixation cross was presented on a black background. Participants were
instructed to keep their eyes open, look at the fixation cross, and think of nothing in particular.

Preprocessing
All structural images were preprocessed using FreeSurfer’s recon-all pipeline with default parameter values
(https://surfer.nmr.mgh.harvard.edu/fswiki/recon-all/). Briefly, this includes intensity correction, skull stripping,
surface co-registration, spatial smoothing, white matter and subcortical segmentation, and cortical parcellation.
Task data were motion-corrected and time points with more than 1mm total vector movement between TRs
were identified and regressed out as framewise nuisance regressors in the task data analyses. These data were
then distortion corrected, registered to anatomical space using bbregister*’, and resampled to the T1 weighted
anatomical image. Finally, data were detrended and spatially smoothed with a 4mm FWHM kernel.
Resting state data were preprocessed using FS-Fast (https://surfer.nmr.mgh. harvard.edu/fswiki/FsFastAn-
lysisBySteps) to complete motion correction and to smooth gray matter with a 3mm FWHM kernel. We also
censored datapoints with framewise displacement greater than 0.5 mm.

Defining the connectome

Matrices of functional connectivity were defined for each high-level visual fROI search space from Julian et al.!’.
In Julian et al., the search spaces were constructed from the task fMRI data of 30 participants who completed 4
runs of the dynamic localizer task also used in the present study. We included 9 bilateral fROIs (18 regions total):
3 face regions (FFA: fusiform face area, OFA: occipital face area, STS: superior temporal sulcus), 1 body region
(EBA: extrastriate body area), 3 scene regions (PPA: parahippocampal place area, RSC: retrosplenial cortex,
TOS: transverse occipital sulcus), and 2 object regions (LO: lateral occipital, PFS: posterior fusiform sulcus).
These search spaces were projected to the fsaverage template surface and the resulting search spaces are shown
in Supplementary Figure S1. The connectome for a given fROI was defined as the Fisher-transformed Pearson
product correlation between the timeseries of each vertex in the fROI search space and the averaged timeseries
within each Glasser multimodal parcel on that same hemisphere (179 total). Thus, the dimensions of the fROI
connectome were then the number of vertices in the search space x 179.
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Computing task activity

The preprocessed task data were analyzed using a first-level GLM in individual subject volume space. Regres-
sors were specified for each visual category (faces, bodies, scenes, objects, and scrambled objects), as well as 6
motion nuisance regressors. We specified a standard boxcar function (block design) and a canonical hemo-
dynamic response function (standard gamma function with d=2.25 and t=1.25). Contrasts were defined as:
Faces > Objects, Bodies > Objects, Scenes > Objects and Objects > Scrambled Objects. These contrasts are com-
monly used to localize face-, body-, scene-, and object-selective regions, respectively. The resulting contrast
significance maps and p estimates were projected into fsaverage space and used for the following modeling and
analysis.

Predictive model training

We designed ¢, regularized linear models to predict neural activity measured from the dynamic localizer task,
using resting state functional connectivity as regressors, for each of the 18 search spaces. Functional connectiv-
ity of each vertex to 179 ipsilateral cortical regions, as well as curvature, thickness, and x, y, and z coordinates
of the vertex, comprised the full design matrix. Models were trained using nested cross-validation in order to
optimize the regularization hyperparameter A. Models were fit separately for each fROL. In this framework, we
first predicted the category-selective activity of each voxel within a search space for a given individual, based
on the functional connectivity of all of their vertices in the search space to the rest of the brain. We trained the
model using the data of all but one individual, leaving each subject out once. However, the A hyperparameter
of the trained model must also be determined. To avoid overfitting the model and avoid bias, we used a nested
cross-validation approach. Within each training set, we again left each subject out once and optimized the
hyperparameter A (inner cross validation). Potential A values were defined over a vector of 100 logarithmically
spaced values between decades 107> and 102 We identified the optimal A that minimized mean squared error of
the left-out subjects in the inner cross validation loop, and then applied this model to the left-out subject in the
outer cross-validation loop. We repeated this process leaving out each outer-loop subject once. A final model
trained on all 40 subjects is available online (https://github.com/CognitionBrainCircuitryLab/Predict_fROIs).

Model evaluation

If connectivity-predicted fROIs may be used in place of task localizers, the predicted fROIs must indeed be
selective for their domain of interest. We first defined fROIs for both the actual task contrast maps and predicted
contrast maps by selecting the top 10% of vertices within the search space (i.e., Julian parcels) for each fROIL On
average, we are predicting 53.88% of the explainable overlap in fROI, and found the predicted fROIs performed
about the same across different thresholds (defining fROIs from the top 20% and top 30%) when accounting for
chance (Supplementary Figure S2). The predicted fROI was defined from the connectivity model predictions,
and the actual fROI was defined using the first run of the localizer task to ensure independence between voxel
selection and measures of selectivity. Predicted fROIs for an example individual are shown in Supplementary
Figure S3. We assessed whether each fROI was significantly selective for its respective visual category by perform-
ing a paired t-test between the percent signal change (PSC) for its respective visual category vs. the PSC of the
contrast category. We similarly quantified selectivity as the difference between an fROI’s PSC for its respective
visual category vs. the PSC of the contrast category.

The selectivity of each fROI was then compared to three separate atlases: the search spaces from Julian et al.!!,
the closest parcel(s) from the Glasser et al.'"® multi-modal parcellation, and the corresponding parcel(s) from
the Rosenke et al.'? visfAtlas. Glasser parcels that had more than 5% overlap with a given Julian search space
were assigned to that fROI. The following fROIs were matched to the corresponding Rosenke parcels: the FFA
includes the mFus (mid-lateral fusiform gyrus) and pFus (posterior lateral fusiform gyrus); the OFA includes
the bilateral IOG (inferior occipital gyrus); the EBA includes the bilateral ITG (inferior temporal gyrus), MTG
(middle temporal gyrus), and LOS (lateral occipital sulcus); the PPA includes the bilateral COS (collateral sulcus);
and the TOS includes the rhTOS (right transverse occipital sulcus).

Next, we explored regional differences in selectivity across the connectivity-predicted fROIs. Selectivity val-
ues were averaged within each visual category (e.g., faces) to explore differences by category in high-level visual
regions. Finally, we investigated hemispheric and category effects on an individual subject level using a three-way
analysis of variance (ANOVA) to analyze the effect of hemisphere (left or right) and category (body, face, object,
and scene) on the mean selectivity values within the connectivity-predicted fROIs for each subject. Subjects
were included as a random variable. Post-hoc paired sample two-sided ¢-tests were calculated to investigate
hemispheric differences within each visual category.

Results

Here, we predict an individual’s fROIs in the ventral visual stream using that individual’s unique pattern of whole-
brain resting state functional connectivity. These fROIs include three face regions (FFA: fusiform face area, OFA:
occipital face area, STS: superior temporal sulcus), one body region (EBA: extrastriate body area), three scene
regions (PPA: parahippocampal place area, RSC: retrosplenial cortex, TOS: transverse occipital sulcus), and two
object regions (LO: lateral occipital, PFS: posterior fusiform sulcus). The left hemisphere and right hemisphere
fROIs were computed separately for a total of 18 regions. We constructed and validated a predictive model for
each region using a sample of 40 individuals who completed an approximately 10-min resting state scan and
two runs of a dynamic localizer task.
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Connectivity fROIs exhibit expected category selectivity

The critical analysis for evaluating fROIs predicted from connectivity is to confirm if the predicted fROIs are
selective for their expected category (e.g., the percent signal change (PSC) for faces in the rFFA is higher than
the PSC for all other categories). Figure 2a displays the group means of the actual and predicted PSCs for each
category in four key fROIs: the rFFA (selective for faces), the rEBA (selective for bodies), the rPPA (selective
for scenes), and the rLO (selective for objects). In the actual and in the predicted rEBA, rFFA, rPPA, and rLO,
PSC responses to each preferred category were higher than that for all other categories (all p <0.001), including
objects (which is commonly the contrast category for EBA, FFA, and PPA) and scrambled objects (commonly
the contrast category for LO).

Figure 3 shows the average selectivity for the preferred category of every fROI. As expected, in the actual fMRI
data, all fROIs were significantly selective for their preferred category (all p<5.6 x 107°). Note that in all cases,
the fROISs are all most selective when defined from a localizer task, even when defined from only a single run (all
P<5.49x 107, Supplementary Table S3). For the connectivity-predicted fROIs, 17/18 regions were significantly
selective after accounting for multiple comparisons (Bonferroni-corrected p-value of 0.05/18 regions =0.00278,
see Supplementary Table S1 for raw p-values). The selective regions included: the bilateral EBA, FFA, STS, LO,
PES, PPA, RSC, and TOS (all corrected p <0.001) and the rOFA (p <0.01). The IOFA was the only fROI that was
not significantly selective after correcting for multiple comparisons (uncorrected p-value =0.035). PSC plots
showing all categories remaining 14 fROIs are shown in Fig. 2b.

Connectivity fROIs outperform group-level atlas approaches

Next, we compared the selectivity of the predicted fROIs to group-level probabilistic (atlas) parcels. Often, in
the absence of task data, researchers define ROIs using parcels delineating the most likely area for a given region
based on task data from groups of individuals (such as the search spaces used here from Julian et al.'!), parcels
selected from a general atlas (such as the multimodal parcellation from Glasser et al.'®), or parcels from an atlas
specialized for the domain of interest (such as the visfAtlas of visual regions from Rosenke et al.?). The remain-
ing groups of bars in Fig. 2 show the PSC of each category for each of these three methods, referred to as Julian,
Glasser, and Rosenke. In the rFFA, for all three methods, the face category does not have the highest PSC, with
larger responses to bodies or objects. The rFFAs defined by the Julian and Rosenke methods preferred faces,
but were not significantly selective after correcting for multiple comparisons (uncorrected p: Julian=0.0219,
Rosenke =0.0160). The Glasser parcel actually had a higher mean PSC for objects than for faces, the opposite
pattern of what was expected. When testing for significant selectivity (i.e., within individual) in the rFFA, the
mean difference between faces and all other categories remained negative. This means on average, the region
corresponding to the rFFA had higher PSC in the non-preferred conditions, but this effect was not significant
(p=0.31). All atlas methods yielded rPPA, rEBA, and rLO regions that were selective for scenes, bodies, and
objects respectively.

Looking across all regions, no method yielded as many significantly selective fROIs as the predictive connec-
tivity model (Fig. 3, see Supplementary Table S1 for exact p-values). For each method: 13/18 Julian parcels were
selective for the expected category, 14/18 Glasser parcels were selective, and 6/9 Rosenke parcels were selective.
None of these methods yielded a right or a left FFA that was significantly selective for faces. The Glasser and
Julian parcels also did not yield a rOFA or ISTS that was significantly selective for faces. Finally, the Julian and
Rosenke parcels did not have a selective IOFA. Note that the Julian parcels did not contain any selective fROIs
for faces. In all methods, all of the non-selective regions had the preferred category of faces.

Looking within individuals, we next directly compared selectivity within each connectivity fROI to the
selectivity within the corresponding fROI defined from the atlas methods (Supplementary Table S2). There were
no cases where the Julian, Glasser, or Rosenke parcels had significantly higher selectivity than the connectivity-
predicted fROIs. 14/18 connectivity fROIs were more selective than Julian ROIs, with the exception of the rPFS,
rPPA, rRSC, and rTOS. Next, 16/18 connectivity fROIs were more selective than Glasser ROIs, except for the
rPFS and rRSC. Finally, for the Rosenke parcels, 5/9 connectivity fROIs were more selective, apart from the
bilateral OFA, rPPA, and rTOS. In all other regions, the connectivity-predicted fROIs were about as selective
as the atlas ROIs.

It is worth noting that comparing the Julian parcels with the connectivity-based fROIs is complicated by the
fact that the connectivity-based fROIs are strictly subsets of the Julian parcels. The connectivity models could
nonetheless perform either better or worse than the Julian parcels, and here we show that the connectivity-based
fROIs tend to be more selective.

Selectivity of connectivity fROls varies by region and domain

We next explored how the structure-function relationship varied by fROI, category, and hemisphere. Figure 4a
shows the selectivity for each fROI predicted from connectivity plotted on the surface of the brain. The fROIs
with the lowest predicted selectivity were two left face regions (ISTS mean: 0.28, 10FA: 0.15), whereas the bilateral
EBA had the highest mean selectivity (IEBA: 0.62, rEBA: 0.74). There was a positive relationship between the
number of vertices in an fROT’s search space and selectivity of predicted fROIs (Figure S4, r=0.52, p=0.0279);
fROIs defined from larger search spaces tended to be more selective. Averaging within each visual category:
predicted body regions were the most selective (mean: 0.68), followed by scene regions (0.45), object regions
(0.37), and face regions (0.27).

Finally, we explored if selectivity varied for visual category and/or hemisphere while accounting for indi-
vidual differences. To quantify this, we conducted an ANOVA of the effect of category and hemisphere on the
connectivity-predicted neural activation (main and interaction effects) and subject as a random factor (results in
Table 1). Reflecting the group-level results shown in Fig. 3, there were main effects of category (F(3,517) = 13.81,
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Figure 2. Percent Signal Change (PSC) of each method in each fROL. (a) The four panels correspond to four
key ROIs: the right EBA (selective for bodies), the right FFA (selective for faces), the right PPA (selective

for scenes), and the right LO (selective for objects). Within each plot, the grouped bars correspond to the
different approaches for defining fROIs. From left to right, “connectivity” is the fROI predicted from resting
state connectivity, “Julian” is from Julian et al. (2012), “Glasser” is from the Glasser et al. (2016) multi-modal
parcellation, and “Rosenke” is from the Rosenke et al. (2020) visfAtlas. The bars are shaded according to visual
category and show mean PSC across subjects, and error bars indicating the standard error of the mean. *p <.05,
**p<.01, ***p <.001 denote results of paired (within-subject) t-tests of selectivity for the preferred visual
category for each method and for each fROL (b) Each panel corresponds to the remaining 14 fROIs. p-values
are listed in Supplementary Table S1.
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Figure 3. Selectivity for all fROIs. Bar plots showing the mean selectivity for all left (top) and right (bottom)
fROIs. The different colored bars indicate the method used to define the region, from left to right: the actual
data, the connectivity model, Glasser, Julian, and Rosenke atlases. The lines above the bar indicate a significant
difference (Bonferroni corrected for multiple comparisons at p <0.05) between the connectivity-predicted fROI
and each of the atlas methods.

Pp=9%10"®) and hemisphere (F(1,517) =8.17, p=0.0057). Further, there was an interaction effect between domain
and hemisphere (F(3,517)=13.78, p=1.17 x 10®). Post-hoc paired t-tests (Fig. 4b, Table S4) revealed the left hem-
ispheric scene and object regions had significantly higher selectivity than the right hemispheric scene and object
regions, respectively (scene: t(119) =2.46, p=0.015, object: t(79) =3.28, p=0.0015); the right hemispheric face and
body regions showed significantly higher selectivity than the left hemispheric face regions (face: t(119) =- 6.12,
p=1.25%107%, body: t(39) =— 3.38, p=0.0017). This hemispheric difference was most pronounced in the face
regions.

Discussion
Here, we computed personalized fROIs responsive to faces, bodies, scenes, and objects, using an individual’s
resting state functional connectivity. These regions were selective for their expected category, and overall outper-
formed group-level parcels, but not fROIs defined from a task-based localizer. Individual differences are known
to exist in fROIs, and we found the connectivity predicted regions allow for these individual differences which
may be obfuscated in a group-level parcel. Building upon work predicting task activity from connectivity, we
demonstrate the feasibility of using fROIs computed from connectivity in place of missing functional task data.
We find that resting state data can capture individual variation for high-level visual processes and can be reliably
used for defining these fROIs when localizer data is not available or feasible to collect.

In addition to the practical advances of this approach, these results suggest region-to-region variability in the
strength of the relationship between connectivity and function. One potential explanation for this variability is
the size of the regions, as there was a positive relationship between the size of the search space and selectivity
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Figure 4. Region and domain differences in selectivity of connectivity-predicted fROIs. (a). Each fROI
(illustrated as its search space on the surface of the brain) is color-coded by its selectivity. Hotter red—orange
colors denote higher selectivity and cooler blue colors denote lower selectivity. (b) Mean selectivity averaged
across category and hemisphere (gray bar is left hemisphere and white bar is right hemisphere). Error bars
denote the standard error of the mean. Bonferroni-corrected ***p <0.001, **p <0.01, *p <0.05.

Predictor Sum of Squares | df | Mean Square | F P

Domain 11.20 3 3.73 13.81 |9.00x1078
Hemisphere 0.31 1 0.31 7.85 | 6.51x107?
Subject 6.60 39 0.17 0.77 10.83
Domain*Hemisphere 2.40 3 0.80 13.63 | 1.43x1078
Domain*Subject 31.62 117 10.27 461 |820x103
Hemisphere*Subject 1.36 39 ]0.03 0.60 | 0.98

Error 30.28 517 |0.06

Total 85.74 719

Table 1. ANOVA Results. Constrained (Type III) sum of squares.

(Supplementary Figure S4). In fact, the only region predicted by the connectivity model that was not significantly
selective (the IOFA) had the smallest search space. If there is high individual variability in the location of a puta-
tive fRO], then the search space would be large, as the search spaces map out where a given region should be in
most individuals. Because the model captures individual variability, it could be the case that the predictions are
more reliable in regions that vary greatly from individual to individual. Alternatively, regions with less individual
variability in spatial location may be more closely related to cytoarchitecture than connectivity, whereas the
locations of regions with large intersubject variability may be driven by individual differences in connectivity.
However, it is difficult to determine whether these regions are large because of individual variability, or if the
putative fROI itself is large.

The variability in the selectivity of connectivity-predicted fROIs may also reflect variability in the mech-
anisms underlying visual processing and development of these regions. For example, we observed left/right
hemispheric differences in each domain. The most pronounced differences were observed in the face fROIs
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reflecting differences in hemispheric dominance underlying face (right hemispheric bias) processing®**. Alter-
natively, regions that are better predicted may have an innately stronger structure/ function relationship. For
example, it is known that the neonatal temporal cortex contains connectivity patterns resembling those found in
adults***!, but there is evidence some connectivity profiles of regions specialized for some domains (e.g., places)
may be more affected by experience than other regions*. The observed variability by category (e.g., with the
connectivity-predicted face regions having the lowest selectivity) could mirror relatively delayed development
of face areas compared to areas specialized for other categories*. While our regional differences resemble some
of these findings in the broader literature, inferences about the underlying mechanisms and development of
these regions are purely speculative.

There are remaining theoretical and methodological questions about predicting high-level visual fROIs. First,
in all cases it is preferable to run a task-based localizer, which defines fROIs more precisely than any available
method that predicts their locations. It is also worth noting that here a single run of the task localizer was used
to define the fROIs****, and more data, i.e. additional localizer runs, ideally across multiple visits, will yield more
accurate individual fROIs!*>*, However, in some cases collecting runs of a localizer task is difficult and/or
usable data may be limited, such as in infants and young children*”*®. Moreover, existing largescale neuroimaging
datasets may have collected resting state, but no task data (such as the Autism Brain Imaging Data Exchange, or
ABIDE, samples**™°), while others (such as the UK Biobank®' and the Adolescent Brain Cognitive Development,
or ABCD, study*?) may contain tasks that can localize some but not all of these visual categories, not containing
stimuli for e.g., bodies, objects, and/or scenes. We argue that the models developed here would be most useful
in cases where localizer tasks are either unfeasible, non-existent, or insufficient.

Second, additional participants from other scanning locations, machine types, and preprocessing steps could
better generalize the model to out of sample data, as it is presently unclear how scanner and processing differences
may affect predictions. Longer localizer task durations for training the model, or longer resting state scans, such as
those utilized in Human Connectome Project, would likely improve our models. Additionally, multiple localizer
tasks exist for mapping high-level visual regions, and some conditions (e.g., static versus dynamic stimuli) may
be better suited for identifying some regions. Third, this study focuses on functional connectivity from resting
state fMRI, but it is unclear if task-based functional connectivity could improve these predictions. Fourth, a
linear model was chosen here following similar approaches that successfully predicted visual areas from similar
models*?*, but a nonlinear model may yield more accurate predictions™. Fifth, this model shows evidence of a
linear relationship between connectivity and function, but it cannot tell us anything about the causal nature of this
relationship. However, evidence suggests that innate connectivity drives the development of these visual areas®>*.

Our focus for these analyses was on functional connectivity, due to its link with individual differences and
extensive work showing a close correspondence between functional connectivity and task based neural activation.
Future work can explore if these regions’ selectivity could improve by including different connectivity measures
or adopting another modeling framework or algorithm. Previous work has shown structural connectivity is
predictive of neural responses in the high-level visual categories explored here, but fROIs and/or selectivity were
not computed in those approaches*?*. Further, recent work has shown that structural connectivity is predictive
of neural reading-related responses and can predict the location of the visual word form area®, a region not
investigated in this present study. Additionally, here we use the most common definition of function connec-
tivity (correlation between time series), but other metrics, such as dynamic functional connectivity®, contain
different information about covariation in resting state fMRI and would likely lead to different results. Lastly,
recent work has contended that cortical geometry (a neural field theory model of connectivity based on only the
distance between two points on the cortical surface) is more informative of resting state and task-based neural
activation than (structural) connectivity”’. Future work could compare the selectivity of fROIs predicted from
these different models of connectivity, from structural connectivity to wave models.

Finally, it is unclear if this model would be appropriate for other age groups. Some high-level visual areas
appear to be present very early in life, supported by fMRI studies of visual processing in infancy*”*%. However,
these responses are not yet adultlike, and other visual regions do not emerge until after significant experience
(e.g., the VWFA and reading). Additionally, connectivity is known to follow characteristic changes throughout
development®, so it is unlikely a model based on adult connectivity would predict fROIs as selective as those
observed here. Finally, this modeling framework could be extended to predict fROIs in other domains, such
as language, social processing, and reading. For these domains, different localizer tasks are used, but a major
potential advantage of the approach we show here is that a single resting state scan could predict an entire suite
of fROIs across domains that would usually require many additional domain-specific functional runs. Because
resting state functional connectivity can predict activity in a variety of tasks?®?, this suggests that these predictive
modeling approaches can produce selective fROIs in domains beyond high-level vision.

Data availability
The data used in this study are available from the corresponding author upon reasonable request. The final
model trained on all 40 subjects is available at https://github.com/CognitionBrainCircuitryLab/Predict_fROlIs.

Received: 3 January 2024; Accepted: 13 May 2024
Published online: 18 May 2024

References
1. Grill-Spector, K. & Weiner, K. S. The functional architecture of the ventral temporal cortex and its role in categorization. Nat. Rev.
Neurosci. 15, 536-548 (2014).
2. Kanwisher, N. & Dilks, D. D. The functional organization of the ventral visual pathway in humans. New Vis. Neurosci. 29, 733-748
(2013).

Scientific Reports |

(2024) 14:11376 | https://doi.org/10.1038/s41598-024-62098-9 nature portfolio


https://github.com/CognitionBrainCircuitryLab/Predict_fROIs

www.nature.com/scientificreports/

3. Kanwisher, N., McDermott, J. & Chun, M. M. The fusiform face area: A module in human extrastriate cortex specialized for face
perception. J. Neurosci. 17, 4302-4311 (1997).
4. Downing, P. E., Jiang, Y., Shuman, M. & Kanwisher, N. A cortical area selective for visual processing of the human body. Science
https://doi.org/10.1126/science.1063414 (2001).
5. Epstein, R. & Kanwisher, N. A cortical representation of the local visual environment. Nature 392, 598-601 (1998).
6. McCandliss, B. D., Cohen, L. & Dehaene, S. The visual word form area: Expertise for reading in the fusiform gyrus. Trends Cognit.
Sci. 7,293-299 (2003).
7. Jain, N. et al. Selectivity for food in human ventral visual cortex. Commun. Biol. 6, 1-14 (2023).
8. Kanwisher, N. Functional specificity in the human brain: A window into the functional architecture of the mind. PNAS 107,
11163-11170 (2010).
9. Fedorenko, E., Hsieh, P.-J., Nieto-Castafién, A., Whitfield-Gabrieli, S. & Kanwisher, N. New method for fMRI investigations of
language: Defining ROIs functionally in individual subjects. J. Neurophysiol. 104, 1177-1194 (2010).
10. Fox, C.J, Iaria, G. & Barton, J. ]. S. Defining the face processing network: Optimization of the functional localizer in fMRI. Human
Brain. Mapping 30, 1637-1651 (2009).
11. Julian, J. B., Fedorenko, E., Webster, . & Kanwisher, N. An algorithmic method for functionally defining regions of interest in the
ventral visual pathway. NeuroImage 60, 2357-2364 (2012).
12. Frost, M. A. & Goebel, R. Measuring structural-functional correspondence: Spatial variability of specialised brain regions after
macro-anatomical alignment. NeuroImage 59, 1369-1381 (2012).
13. Saxe, R., Brett, M. & Kanwisher, N. Divide and conquer: A defense of functional localizers. Neurolmage 30, 1088-1096 (2006).
14. Amunts, K. & Zilles, K. Architectonic mapping of the human brain beyond brodmann. Neuron 88, 1086-1107 (2015).
15. Brodmann, K. Vergleichende Lokalisationslehre der Grosshirnrinde in ihren Prinzipien dargestellt auf Grund des Zellenbaues (Barth,
1909).
16. Dickie, D. A. et al. Whole brain magnetic resonance image atlases: A systematic review of existing atlases and caveats for use in
population imaging. Front. Neuroinform. 11,1 (2017).
17. Makris, N. et al. Decreased volume of left and total anterior insular lobule in schizophrenia. Schizophr. Res. 83, 155-171 (2006).
18. Glasser, M. E et al. A multi-modal parcellation of human cerebral cortex. Nature 536, 171-178 (2016).
19. Rosenke, M., van Hoof, R., van den Hurk, J., Grill-Spector, K. & Goebel, R. A probabilistic functional atlas of human occipito-
temporal visual cortex. Cereb. Cortex. 31, 603-619 (2020).
20. Horien, C. et al. A hitchhiker's guide to working with large, open-source neuroimaging datasets. Nat. Hum. Behav. 5, 185-193
(2021).
21. Gratton, C. et al. Functional brain networks are dominated by stable group and individual factors. Not. Cognitive Daily Var. Neuron
98, 439-452.e5 (2018).
22. Shen, X. et al. Using connectome-based predictive modeling to predict individual behavior from brain connectivity. Nat. Protoc.
12, 506-518 (2017).
23. Saygin, Z. M. et al. Anatomical connectivity patterns predict face selectivity in the fusiform gyrus. Nat. Neurosci. 15, 321-327
(2012).
24. Osher, D. E. et al. Structural connectivity fingerprints predict cortical selectivity for multiple visual categories across cortex. Cereb.
Cortex. 26, 1668-1683 (2016).
25. Bernstein-Eliav, M. & Tavor, I. The prediction of brain activity from connectivity: Advances and applications. Neuroscientist https://
doi.org/10.1177/10738584221130974 (2022).
26. Sudrez, L. E., Markello, R. D., Betzel, R. E & Misic, B. Linking structure and function in macroscale brain networks. Trends Cognit.
Sci. 24, 302-315 (2020).
27. Van Essen, D. C. et al. The human connectome project: A data acquisition perspective. Neurolmage 62, 2222-2231 (2012).
28. Cole, M. W,, Ito, T, Bassett, D. S. & Schultz, D. H. Activity flow over resting-state networks shapes cognitive task activations. Nat.
Neurosci. 19, 1718-1726 (2016).
29. Tavor, L et al. Task-free MRI predicts individual differences in brain activity during task performance. Science 352, 216-220 (2016).
30. Tobyne, S. M. et al. Prediction of individualized task activation in sensory modality-selective frontal cortex with ‘connectome
fingerprinting’ Neurolmage 183, 173-185 (2018).
31. Osher, D. E,, Brissenden, J. A. & Somers, D. C. Predicting an individual’s dorsal attention network activity from functional con-
nectivity fingerprints. J. Neurophysiol. 122, 232-240 (2019).
32. Jones, O. P, Voets, N. L., Adcock, J. E., Stacey, R. & Jbabdi, S. Resting connectivity predicts task activation in pre-surgical popula-
tions. Neurolmage Clin. 1(13), 378-385 (2017).
33. Cohen, A. D., Chen, Z., Parker Jones, O., Niu, C. & Wang, Y. Regression-based machine-learning approaches to predict task activa-
tion using resting-state fMRI. Human Brain Mapp. 41, 815-826 (2020).
34. Ngo, G. H., Khosla, M., Jamison, K., Kuceyeski, A. & Sabuncu, M. R. Predicting individual task contrasts from resting-state func-
tional connectivity using a surface-based convolutional network. NeuroImage 248, 118849 (2022).
35. Zheng, Y.-Q. et al. Accurate predictions of individual differences in task-evoked brain activity from resting-state fMRI using a
sparse ensemble learner. Neuroimage 259, 119418 (2022).
36. Pitcher, D., Dilks, D. D, Saxe, R. R,, Triantafyllou, C. & Kanwisher, N. Differential selectivity for dynamic versus static information
in face-selective cortical regions. Neurolmage 56, 2356-2363 (2011).
37. Greve, D. N. & Fischl, B. Accurate and robust brain image alignment using boundary-based registration. Neuroimage 48, 63-72
(2009).
38. Jonas, J. et al. A face-selective ventral occipito-temporal map of the human brain with intracerebral potentials. Proceed. Nat. Acad.
Sci. 113, E4088-E4097 (2016).
39. Yovel, G., Tambini, A. & Brandman, T. The asymmetry of the fusiform face area is a stable individual characteristic that underlies
the left-visual-field superiority for faces. Neuropsychologia 46, 3061-3068 (2008).
40. Cabral, L., Zubiaurre-Elorza, L., Wild, C.J., Linke, A. & Cusack, R. Anatomical correlates of category-selective visual regions have
distinctive signatures of connectivity in neonates. Dev. Cognit. Neurosci. 58, 101179 (2022).
41. Kamps, E. S., Hendrix, C. L., Brennan, P. A. & Dilks, D. D. Connectivity at the origins of domain specificity in the cortical face and
place networks. Proc. Natl. Acad. Sci. USA 117, 6163-6169 (2020).
42. Scherf, K. S., Behrmann, M., Humphreys, K. & Luna, B. Visual category-selectivity for faces, places and objects emerges along
different developmental trajectories. Dev. Sci. 10, F15-F30 (2007).
43. Isik, L., Koldewyn, K., Beeler, D. & Kanwisher, N. Perceiving social interactions in the posterior superior temporal sulcus. Proceed.
Nat. Acad. Sci. 114, E9145-E9152 (2017).
44. Tsantani, M., Kriegeskorte, N., McGettigan, C. & Garrido, L. Faces and voices in the brain: A modality-general person-identity
representation in superior temporal sulcus. Neurolmage 201, 116004 (2019).
45. Bedny, M., Pascual-Leone, A., Dodell-Feder, D., Fedorenko, E. & Saxe, R. Language processing in the occipital cortex of congenitally
blind adults. PNAS 108, 4429-4434 (2011).
46. Lafer-Sousa, R., Conway, B. R. & Kanwisher, N. G. Color-biased regions of the ventral visual pathway lie between face- and place-
selective regions in humans, as in macaques. J. Neurosci. 36, 1682-1697 (2016).
47. Deen, B. et al. Organization of high-level visual cortex in human infants. Nat. Commun. 8(1), 13995 (2017).
Scientific Reports|  (2024) 14:11376 | https://doi.org/10.1038/s41598-024-62098-9 nature portfolio


https://doi.org/10.1126/science.1063414
https://doi.org/10.1177/10738584221130974
https://doi.org/10.1177/10738584221130974

www.nature.com/scientificreports/

48. Kosakowski, H. L. et al. Selective responses to faces, scenes, and bodies in the ventral visual pathway of infants. Curr. Biol. 32,
265-274.e5 (2022).

49. Di Martino, A. et al. Enhancing studies of the connectome in autism using the autism brain imaging data exchange II. Sci. Data
4,170010 (2017).

50. Di Martino, A. et al. The autism brain imaging data exchange: towards a large-scale evaluation of the intrinsic brain architecture
in autism. Mol. Psychiatry 19, 659-667 (2014).

51. Miller, K. L. et al. Multimodal population brain imaging in the UK Biobank prospective epidemiological study. Nat. Neurosci. 19,
1523-1536 (2016).

52. Marek, S. et al. Identifying reproducible individual differences in childhood functional brain networks: An ABCD study. Dev.
Cogn. Neurosci. 40, 100706 (2019).

53. Mahon, B. Z. & Caramazza, A. What drives the organization of object knowledge in the brain?. Trends Cogn. Sci. 15, 97-103 (2011).

54. Saygin, Z. M. et al. Connectivity precedes function in the development of the visual word form area. Nat. Neurosci. 19, 1250-1255
(2016).

55. Grotheer, M., Yeatman, J. & Grill-Spector, K. White matter fascicles and cortical microstructure predict reading-related responses
in human ventral temporal cortex. Neurolmage 227, 117669 (2021).

56. Hutchison, R. M. et al. Dynamic functional connectivity: Promise, issues, and interpretations. NeuroImage 80, 360-378 (2013).

57. Pang, J. C. et al. Geometric constraints on human brain function. Nature https://doi.org/10.1038/s41586-023-06098-1 (2023).

58. Betzel, R. F. et al. Changes in structural and functional connectivity among resting-state networks across the human lifespan.
Neurolmage 102, 345-357 (2014).

Author contributions

M.EM.: conceptualization, formal analysis, methodology, writing-original draft & editing; Z.M.S.: supervision,
data collection, conceptualization, methodology, writing-review & editing; D.E.O.: supervision, conceptualiza-
tion, methodology, formal analysis, writing-review & editing.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-024-62098-9.

Correspondence and requests for materials should be addressed to D.E.O.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

Scientific Reports |

(2024) 14:11376 | https://doi.org/10.1038/s41598-024-62098-9 nature portfolio


https://doi.org/10.1038/s41586-023-06098-1
https://doi.org/10.1038/s41598-024-62098-9
https://doi.org/10.1038/s41598-024-62098-9
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Predicting high-level visual areas in the absence of task fMRI
	Methods
	Participants
	Acquisition
	Preprocessing
	Defining the connectome
	Computing task activity
	Predictive model training
	Model evaluation

	Results
	Connectivity fROIs exhibit expected category selectivity
	Connectivity fROIs outperform group-level atlas approaches
	Selectivity of connectivity fROIs varies by region and domain

	Discussion
	References


