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ABSTRACT

Category-selectivity is a fundamental principle of organization of perceptual brain regions. Human
occipitotemporal cortex is subdivided into areas that respond preferentially to faces, bodies, artifacts,
and scenes. However, observers need to combine information about objects from different categories
to form a coherent understanding of the world. How is this multi-category information encoded in the
brain? Studying the multivariate interactions between brain regions with fMRI and artificial neural
networks, we found that the angular gyrus shows joint statistical dependence with multiple category-
selective regions. Additional analyses revealed a cortical map of areas that encode information across
different subsets of categories, indicating that multi-category information is not encoded in a single
centralized location, but in multiple distinct brain regions.
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Introduction

A variety of cognitive tasks require integrating information about entities from different categories. Mechanisms that
integrate information about people and artifacts are already at work in early stages of development: infants are more
willing to help individuals who intended to give them a desirable toy over those who did not [1], and children observing
repeated interactions between a person and an inanimate object infer that the person has feelings of ownership towards
that object [2]. In apparent contrast with these observations, visual information about animate and inanimate entities is
processed by separate, specialized brain regions [3, 4, 5, 6, 7, 8]: using functional magnetic resonance imaging (fMRI),
researchers have identified regions responding selectively to faces [9, 5, 10], bodies [7, 11, 12], artifacts [13, 14] and
scenes [6, 15].

Investigating the computations through which representations from different category-selective regions are integrated is
challenging. Key aspects of these computations might occur at temporal and spatial scales that are beyond the resolution
of noninvasive neuroimaging. However, if a brain region integrates information across multiple categories, its responses
should be better predicted by the responses across multiple brain regions selective for distinct object categories, than
by responses in regions that are all selective for a same category. We refer to this difference in prediction accuracy
as “multi-category dependence” (MCD). Identifying regions that show multi-category dependence could serve as a
stepping stone to understand integration.

Different hypotheses make distinct predictions about which brain regions might show multi-category dependence.
According to the “Hub and Spokes” hypothesis [16, 17, 18], multi-category dependence should be observed in the
anterior temporal lobe (ATL): a putative semantic hub integrating information in all modalities, for all semantic
categories[16]. In support of this view, patients with semantic dementia – associated with neurodegeneration that
affects the ATL – can present with deficits affecting multiple object categories [19]. Furthermore, transcranial magnetic
stimulation (TMS) to the ATL has been reported to delay the naming of both living and nonlinving objects [20].

Other studies suggest additional regions that might show multi-category dependence. Price and colleagues [21] found
that tDCS to the angular gyrus (AG) leads to faster comprehension of semantically meaningful word combinations
(“tiny radish”), but not of meaningless combinations (“fast blueberry”), and proposed that this region might be involved
in semantic integration. If indeed AG is broadly involved in semantic integration, we might expect its responses to
show multi-category dependence as well. More recently, a study found stronger responses in the precuneus to sentences
including words from multiple categories than to sentences including only words form a single category [22].

These results are not necessarily in conflict. Several processes need to combine representations across different object
categories, such as the acquisition of semantic knowledge, the retrieval of episodic memory, social cognition, and
decision making. Therefore, multi-category dependence might be observed in multiple regions, each specialized for
a different task. In addition, distinct areas might show multi-category dependence for lexical stimuli and for visual
stimuli.

While most previous studies focused on lexical stimuli, in this study we investigated multi-category dependence while
participants watched quasi-naturalistic videos [23]. We used multivariate pattern dependence (MVPD, [24, 25]) based
on artificial neural networks [26] to identify brain areas in which responses are better predicted by the multivariate
response patterns across multiple regions that respond preferentially to different categories, than by the response patterns
in regions that are all selective for a same category. In convergence with prior work using lexical stimuli [21], we
found evidence for multi-category dependence in the AG. Additional tests revealed a cortical map of areas showing
multi-category dependence for different subsets of categories: multi-category dependence does not occur at a single
centralized location, but at multiple distinct sites.

Materials and Methods

Data

The BOLD fMRI responses (3×3×3 mm) to the movie ‘Forrest Gump’ were obtained from the publicly available
studyforrest dataset (http://studyforrest.org). Fifteen right-handed participants took part in the study (6 females;
age range 21-39 years, mean 29.4 years). The data (acquired with a T2*-weighted echo-planar imaging sequence)
were collected on a whole-body 3 Tesla Philips Achieva dStream MRI scanner equipped with a 32 channel head coil.
In addition to the fMRI responses to the movie, the dataset includes an independent functional localizer that was
used to identify higher visual areas, such as the fusiform face area (FFA), the extrastriate body area (EBA), and the
parahippocampal place area (PPA). See [23] for more details.

During the category localizer, participants were shown 24 unique gray-scale images from each of six stimulus categories:
human faces, human bodies without heads, small artifacts, houses, outdoor scenes, and phase scrambled images. They
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Figure 1: a. Category-selective ROIs of one example participant shown on an inflated cortical surface. Face-selective
regions are shown in red (OFA, FFA, and face STS). Body-selective regions are shown in blue (EBA, FBA, and body
STS). Artifact-selective regions are shown in yellow (mFus and MTG). Scene-selective regions are shown in green (TOS,
PPA, and RSC). b. Illustration of an artificial neural network using the response patterns from all category-selective
regions combined as input to predict neural activities across the whole brain. The hidden layer is displayed with five
nodes for visualization purposes, whereas the networks used for the analyses in this article have hidden layers with 100
nodes.

were presented with four block-design runs and a one-back matching task. Then, to collect fMRI responses to the
movie, the movie stimulus ‘Forrest Gump’ was cut into eight segments, approximately 15 min long each. All eight
movie segments were presented individually to participants in chronological order in 8 separate functional runs.

Preprocessing

Data were first preprocessed using fMRIPrep (https://fmriprep.readthedocs.io/en/latest/index.html),
which is a robust and convenient pipline for preprocessing of diverse fMRI data. Anatomical images were skull-stripped
with ANTs (http://stnava.github.io/ANTs/), and FSL FAST was used for tissue segmentation. Functional
images were corrected for head movement with FSL MCFLIRT (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/
MCFLIRT), and were subsequently coregistered to their anatomical scan with FSL FLIRT. The raw data of one participant
could not pass the fMRIPrep processing pipeline. For the remaining 14 subjects, we denoised the data with CompCor
[27] using 5 principal components extracted from the union of cerebrospinal fluid and white matter.

ROI definition

Four sets of category-selective brain regions were identified using the first block-design run in the category localizer
session (Fig. 1a): face-selective regions (occipital face area - OFA, fusiform face area - FFA, and face-selective
posterior superior temporal sulcus - face STS), body-selective regions (extrastriate body area - EBA, fusiform body area
- FBA, and body-selective posterior superior temporal sulcus - body STS), artifact-selective regions (medial fusiform
gyrus - mFus and middle temporal gyrus - MTG), and scene-selective regions (transverse occipital sulcus - TOS,
parahippocampal place area - PPA, and retrosplenial cortex - RSC). Data were modelled with a standard GLM using
FSL FEAT [28], and each seed ROI was defined as a 9mm radius sphere centered in the peak for its corresponding
contrast (e.g. face-selective contrast: faces > bodies, artifacts, scenes, and scrambled images). We combined data from
both left and right hemisphere for each ROI and then selected the 80 voxels which showed the highest t-values for the
contrast between the preferred category and other categories. Finally, the face-, body-, scene-selective regions were
identified with 240 voxels each, and the artifact-selective regions consist of 160 voxels.

Additionally, we created a group-average gray matter mask using the gray matter probability maps generated during
preprocessing, with a total of 53539 voxels. This mask was used as the target of prediction ROI in the multivariate
pattern dependence analyses (see below).
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MVPN: Multivariate pattern dependence network

Most research on the interactions between brain regions has focused on the mean responses across voxels in different
regions. However, fine grained patterns of response encode important information that could be lost by spatial-
averaging. Over the past two decades, multivariate pattern analysis (MVPA, [29, 30]) of fMRI data has led to progress
in the investigation of neural coding at a level of specificity that could not be achieved with univariate analyses
[31, 32, 33, 34, 35]. Despite this, relatively few attempts have been made to leverage the potential of multivariate
analyses to study brain connectivity (see [25] for a recent review). A recent study [24] has developed a technique that
investigates the interactions between brain regions in terms of the multivariate relationship between their response
patterns (multivariate pattern dependence - MVPD). MVPD has been shown to offer greater sensitivity than univariate
connectivity methods [24], and uses independent training and testing data, thus offering improved robustness to noise.

The original MVPD formulation [24] used principal component analysis (PCA) to reduce the dimensionality of fMRI
response patterns, and subsequently used linear regression as a model of the statistical dependence between brain
regions. A more recent version of MVPD used simple artificial neural networks [36], but was limited to a small number
of nodes in the hidden layer, and still relied on PCA for dimensionality reduction. Artificial neural networks can
themselves perform dimensionality reduction if needed [37]. In addition, using state-of-the-art software packages for
artificial neural networks paves the way for the training of more complex network architectures thanks to the use of
general purpose graphic processing units (GPGPUs).

To take advantage of these benefits, in this work we extended MVPD to larger artificial neural networks (multivariate
pattern dependence network, or MVPN), and we implemented it in PyTorch to train the networks on four Tesla V100
GPUs. The networks received as inputs multivariate patterns of response in one or more sets of category-selective
regions, and were trained to predict the patterns of response in the whole brain.

More formally, let’s consider an fMRI scan with m experimental runs. We denote the multivariate timecourses in the
predictor region by X1, ..., Xm. Each matrix Xi is of size nX × Ti, where nX is the number of voxels in the predictor
region, and Ti is the number of timepoints in the experimental run i. Analogously, Y1, ..., Ym denote the multivariate
timecourses in the region that is the target of prediction, where each matrix Yi is of size nY × Ti, and nY is the number
of voxels in the target region.

MVPN was trained with a leave-one-run-out procedure to learn a function f such that

Ytrain = f(Xtrain) + Etrain,

where Xtrain and Ytrain denote data in the predictor region and data in the target region respectively during the training
runs. Etrain is the error term. Specifically, for each choice of an experimental run i, data in the remaining runs were
concatenated as the training set

D\i = {(X1, Y1), ..., (Xi−1, Yi−1), (Xi+1, Yi+1), ..., (Xm, Ym)},

while data Di = {(Xi, Yi)} in the left-out run i were used as a testing set.

As a measurement of the multivariate statistical dependence, we calculated the proportion of variance explained between
the predictor region and every other voxel in a group-level gray matter mask created from the gray matter probability
maps generated during preprocessing. For each voxel j in the target region, variance explained in run i was calculated
as

varExpli(j) = max

{
0, 1− var(Yi(j)− fj(Xi))

var(Yi(j))

}
,

where Xi is the timecourse in the predictor region for run i, and fj(Xi) is the prediction by MVPN for voxel j. The
values varExpli(j) obtained for the different runs i = 1, ...,m were averaged, yielding varExpl(j).

Exploring multi-category dependence sites

To identify brain regions with multi-category dependence, we used the 8 experimental runs during which participants
watched the movie ‘Forrest Gump’. The runs were used as separate folds for cross validation. In a first analysis, we
used MVPN to calculate the variance explained in each gray matter voxel using each of the four category-selective
regions (face, body, artifact, and scene) individually. In a second analysis, we combined all category-selective regions
jointly as inputs of MVPN to predict the fMRI responses of each voxel in the gray matter mask.

If a target region only encodes information from one category of objects, using the responses from regions selective for
multiple categories as predictors should not improve over using only the responses in the regions from the one category
yielding the best predictions. Instead, if the responses in a target brain region are predicted significantly better by a
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Figure 2: a. The MVPN combined-minus-max approach to detect multi-category dependence (MCD) sites jointly
encoding information from multiple category-selective regions. b. Statistical t-maps of the 5-Layer Dense MVPN model
computed from ∆varExpl across subjects. ∆varExpl is the voxelwise difference between the variance explained
predicted by the combined model using the response patterns from all category-selective regions as input, and the
variance explained predicted by the model using the response patterns from regions selective for the single best-
predicting category as input. The SnPM threshold corrected at p < 0.05 FWE is 5.11. T-maps are thresholded within the
range [2,6] for visualization purposes. The identified MCD site within left AG is shown in aqua color.

model including all category-selective regions combined, than by the best of the category-selective regions in isolation,
we can conclude that multiple category-selective regions have unique contributions to the overall statistical dependence
with that target region. We refer to this approach as the “combined-minus-max” approach.

To make things more precise, for each voxel j we can denote with varExplall(j) the variance explained by MVPN using
as input the responses in all category-selective regions (Fig. 1b), and with varExplmax(j) the variance explained by
MVPN using as input the responses in regions corresponding to the single best-predicting category. We then calculated
for each voxel the difference

∆varExpl(j) = varExplall(j)− varExplmax(j),

and used it as a metric to evaluate whether a voxel exhibits multi-category dependence by jointly encoding information
across multiple regions selective for different categories. For each subject, we calculated the difference ∆varExpl
for each voxel in the gray matter mask, and we computed statistical significance across participants with statistical
non-parametric mapping using the SnPM extension for SPM (http://warwick.ac.uk/snpm), obtaining pseudo-
t statistics. Regions consisting of voxels with statistically significant pseudo-t-values were defined as candidate
multi-category dependence (MCD) sites.

Using the combined-minus-max approach alone, however, we can not rule out the possibility that the better predictive
accuracy of the combined MVPN model in candidate MCD sites is simply due to the increased number of voxels:
control analyses are needed. To test whether combined-minus-max effects are driven by differences in the number of
voxels, we further conducted a control analysis using voxels extracted from primary visual cortex (V1) as predictors.
In this analysis, we randomly selected four non-overlapping groups of voxels in V1, such that these groups have the
same number of voxels as our four sets of category-selective regions. We then used responses from these groups of
voxels in V1 to run a control analysis matched in the number of voxels to the original combined-minus-max analysis.
Specifically, we ran MVPN analyses using as inputs the responses from each of the four V1 groups in isolation, and
then using responses in all groups combined. Next, we performed a combined-minus-max analysis and computed the
statistical significance of ∆varExpl across participants. If a region we previously identified as a MCD site also shows
statistical significance in the control analysis, the observed results might be driven by the number of voxels rather than
by multi-category dependence, and therefore the region is removed from the set of candidate MCD sites.

It is important to note that there is some overlap between adjacent category-selective ROIs (e.g. face-selective FFA and
body-selective FBA), indeed this overlap has been reported in several previous studies [38, 12]. However, the overlap
actually makes our analysis more stringent when seeking for MCD sites. Suppose that one voxel in the face-selective
ROI overlaps with the body-selective ROI and encodes information about both face and body, a region jointly encoding
information about face and body might not survive our combined-minus-max analysis and could not be detected
(because the face-selective ROIs could be selected as the max, and would include information about both faces and
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bodies). The more voxels with overlapping category-selectivity, the harder it would be to find MCD sites. In contrast,
the non-overlapping selection of the control V1 voxels makes it easier to find regions showing combined-minus-max
effects in the control analysis, thus excluding voxels showing significant results in the control analysis further increases
the rigor of our findings.

Neural network architectures

To make sure that the results do not depend on choosing a very specific neural network architecture, we trained
MVPN using three different neural network architectures (Supplementary Fig. S1a), and identified regions that showed
significant effects in the combined-minus-max analysis in all architectures. All network architectures were linear,
because previous studies did not find an advantage for using nonlinear neural networks in MVPD [39]. All architectures
used 100 hidden nodes in each hidden layer. The first architecture was a one-layer feedforward network (Supplementary
Fig. S1a, left). Since previous studies have shown that deeper networks can approximate the same classes of functions as
shallower networks using fewer parameters [40], we then tested a second, deeper architecture: a five-layer feedforward
network (Supplementary Fig. S1a, middle). Finally, a challenge encountered in training deep neural networks is the
vanishing-gradient problem [41]: as the gradient of the loss function is back-propagated across multiple layers, the
weight updates can become progressively smaller, affecting learning in early layers of the network. For this reason, we
also tested a five-layer DenseNet [42]. The DenseNet architecture includes connections that bypass multiple layers
(Supplementary Fig. S1a, right), enabling more direct backpropagation of the loss function to early layers.

All architectures were trained over 5000 epochs using stochastic gradient descent (SGD) on a mean squared er-
ror (MSE) loss, with a learning rate of 0.001 and a momentum of 0.9. We used a batch size of 32, and batch
normalization was applied to the inputs of each layer. The original code implemented in PyTorch is available at
https://github.com/sccnlab/PyMVPD. More details are provided in the PyMVPD toolbox [26].

Pairwise and three-way MCD analysis

Multi-category dependence might not only occur across all four object categories. Instead, it is possible to find
MCD effects in other brain areas when considering a pair or a triplet of category-selective regions. To investigate
multi-category dependence in more depth, we implemented the combined-minus-max approach on different pairs and
triplets of categories, and conducted the following pairwise and three-way MCD analysis.

In the pairwise MCD analysis, we used responses in each pair of category-selective regions (face and body, face and
artifact, face and scene, body and artifact, body and scene, artifact and scene) as MVPN inputs to calculate the variance
explained in each gray matter voxel. We then calculated ∆varExplpair for each voxel by subtracting the variance
explained predicted by responses in one pair of category-selective regions from the variance explained predicted by
responses in regions selective for the better-predicting category within that pair. We used the average ∆varExplpair
across different runs as a metric to identify candidate brain areas that jointly encode information from two category-
selective regions in each pair. A control analysis was then performed following the same approach described previously
(in the “Exploring multi-category dependence sites” section): we repeated the combined-minus-max analysis with
randomly selected subsets of V1 voxels to exclude regions that were simply better predicted by the combined model
due to the greater number of voxels.

In the three-way MCD analysis, responses in each triplet of category-selective regions (face and body and artifact, face
and body and scene, face and artifact and scene, body and artifact and scene) were used as inputs to our MVPN model.
The ∆varExpltriplet for each voxel was calculated by subtracting the variance explained predicted by responses in
one triplet of category-selective regions from the variance explained predicted by responses in regions selective for the
best-predicting category within that triplet. We took the average ∆varExpltriplet across runs as a metric to identify
candidate areas that jointly encode information from three category-selective regions in each triplet. Finally, a control
analysis was performed (following the approach described above) to rule out voxel-driven regions that did not contribute
to the three-way multi-category dependence.

Representational similarity analysis

We used representational similarity analysis (RSA) [43, 44] to study the representational geometry of MCD sites and to
investigate how they differ from the representational geometry in category-selective regions. RSA is a multivariate
method that calculates the pairwise dissimilarities between multivariate activation patterns in a brain region, yielding a
representational dissimilarity matrix (RDM). In this study, we used the correlation distance (one minus the Pearson
correlation) as dissimilarity metric. Before calculating the correlation distance, for each subject the average response
pattern across all categories was subtracted from the data [45].
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Since we used the first run of the category localizer to identify category-selective ROIs, we used the remaining three
runs of the localizer for the following analyses. For each of the four sets of category-selective ROIs, response patterns
in each of the regions in the set were concatenated, yielding four RDMs for each of the 14 participants. For each of the
candidate MCD sites, we first defined a 9mm radius sphere (123 voxels) centered in the peak of its SnPM t contrast
map obtained from the combined-minus-max analysis using the best-performing MVPN model (i.e. 5-Layer Dense
MVPN). Next, we selected 50 voxels with the highest t values for each candidate MCD site and calculated the RDMs
on the new set of voxels. RDMs were then averaged across participants, and the standard error of the mean (SEM)
was calculated as a measure of the intersubject variability of correlation distance for each pair of stimuli. We used
radar charts to visualize the within-region and between-region differences in dissimilarity. Note that because RDMs are
symmetric about a diagonal of zeros, we only extracted the upper (or equivalently the lower) triangle of the matrices for
radar chart visualization.

Results

Identification of MCD sites

To identify candidate sites that jointly encode information from regions selective for different object categories, we
calculated a multi-category dependence (MCD) index for each voxel in the brain (mathematical details are reported in the
Materials and Methods section). The index was computed as the difference between the proportion of variance explained
by a model using all category-selective regions as predictors (henceforth the ‘combined model’), and the proportion of
variance explained by a model using regions selective for the single best predicting category as predictor (henceforth,
the ‘max model’, Fig. 2a). To ensure the robustness of the results across different neural network architectures, we
computed this index using 1-Layer, 5-Layer, and 5-Layer Dense MVPN architectures (Supplementary Fig. S1a). The
results showed that the 5-Layer Dense network outperformed the 1-Layer network and the 5-Layer network without
dense connections in terms of the combined variance explained in each candidate MCD site (Supplementary Fig. S1b).
For each neural network architecture, we used a group-level analysis to identify voxels in which the MCD index was
significantly greater than zero (p < 0.05 corrected with SnPM). Then, we selected voxels where the MCD index was
significantly greater than zero for all three network architectures as candidate sites for multi-category dependence.

The nature of this analysis is such that the number of voxels used as predictors in the combined model is greater than
the number of voxels used as predictors in the max models. Therefore, we performed a control analysis using the
best-predicting 5-Layer Dense MVPN model to rule out the possibility that positive values of the MCD index might
be driven by differences in the number of input voxels. In the control analysis, we repeated the same procedure we
used to identify candidate sites for multi-category dependence, but we replaced the category-selective regions with
control subregions consisting of voxels randomly sampled from primary visual cortex (V1). Importantly, the control
subregions were matched in number of voxels to the category-selective regions. To make the control more stringent, we
adopted a less conservative threshold for the MCD index. Specifically, we identified voxels whose pseudo-t-values
(computed with a nonparametric test using SnPM) in the control analysis were significantly greater than zero without
applying multiple comparison correction (pseudo-t(13) = 1.77, P < 0.05, one-sided); any MCD effects in these voxels
were discarded as possible artifacts of the number of voxels.

In a region within left AG (Fig. 2b, peak MNI coordinates: -57, -69, 21), the MCD index was significantly greater than
zero for all neural network architectures tested (lowest pseudo-t(13) = 5.20, p < 0.05). At the same time, this region
did not show significant effects in the control analysis (indeed, in this region all t-values in the control analysis were
negative: highest pseudo-t(13) = -1.27, see Table 1 for a complete report of the pseudo-t-values for all voxels). The
location of this region within angular gyrus was confirmed with Neurosynth [46]. The angular gyrus has been previously
found to integrate information across multiple sensory modalities [47], our results indicate that it also jointly encodes
information across multiple object categories. Three other regions (two in the vermis, one in occipital gyrus) showed
significant effects in the MCD analysis, but also in the control analysis, thus they were removed from subsequent
analyses (see Table 1 for details).

Representational geometry of the MCD site: AG

Having identified a MCD site in the left AG, we asked whether this region inherits its representational similarity
structure from category-selective regions, showing more similar responses to pairs of objects that are both animate
or both inanimate. To address this question, we used response patterns to different object categories during the
functional localizer to calculate representational dissimilarity matrices (RDMs, [43]) for the MCD site and for each set
of category-selective regions (Fig.3).
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Table 1: Candidate MCD sites that jointly encode information across all four category-selective ROIs. We
selected candidate MCD sites from brain regions with significant t-values (p < 0.05, FWE-corrected) computed from
the combine-minus-max analysis across all three network architectures: 1-Layer MVPN, 5-Layer MVPN, and 5-Layer
Dense MVPN. The location of each site is expressed in MNI coordinates. For each voxel in the candidate MCD sites,
we also computed the corresponding t value in the control analysis using the best-performing 5-Layer Dense MVPN. #
vox indicates the total number of voxels in each site.
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Figure 3: Using representational dissimilarity matrices (RDMs) and radar charts to discriminate between MCD
site and category-selective ROIs. a. RDMs (top) and radar charts (bottom) for average brain activities across
subjects in the MCD site: the left angular gyrus; b. RDMs (top) and radar charts (bottom) for average brain activities
across subjects in four category-selective ROIs: face-selective ROIs, body-selective ROIs, artifact-selective ROIs, and
scene-selective ROIs. In each radar chart, the middle boundary represents the average representational dissimilarity
across subjects, the inner boundary represents the average representational dissimilarity minus the standard error of the
mean (SEM), and the outer boundary represents the average representational dissimilarity plus SEM.

First, we replicated the finding that representations in inferior temporal cortex are organized by animacy [48, 49]. We
found that in face-, body- and artifact-selective ROIs, object pairs that were both animate (faces and bodies) or both
inanimate (artifacts and scenes) elicited more similar responses than object pairs with different animacy (faces and
scenes, faces and artifacts, or bodies and scenes) - Fig. 3b. This similarity structure leads to asymmetrical radar charts
for the category-selective ROIs (Fig. 3b). In scene-selective ROIs, response patterns to scenes showed high dissimilarity
from the responses to all other object categories, while the dissimilarty between pairs of non-scene categories was low
(Fig. 3b). However, these effects were not observed in the left AG MCD site (Fig. 3a). By contrast, in the MCD site all
pairs of categories showed comparable dissimilarity (Fig. 3a).

Pairwise and three-way MCD

Combining information about faces and bodies could facilitate the recognition of individuals and their actions, while
combining information about artifacts and scenes could help to search for objects in their habitual contexts. Several
distinct cortical sites might encode information about multiple object categories jointly, in the service of distinct
cognitive functions. Can we identify brain regions that show multi-category dependence for specific subsets of
categories? To address this question systematically, we calculated the MCD index for all pairs and triplets of categories.
The resulting SnPM pseudo-t contrast maps were thresholded at p < 0.05 (FWE corrected). For each pair and triplet of
categories, we also ran control analyses using subregions of V1 matched in terms of the number of voxels, following
the same procedure we used in the analysis with all four categories (see Materials and Methods for details).
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Figure 4: Cortical map of pairwise MCD. The outlines of brain areas with significant pairwise MCD effects (p < 0.05,
FWE corrected) but not in the control analysis (p < 0.05, uncorrected) are colored in red (face & body), blue (face &
artifact), green (face & scene), yellow (body & scene), lime (body & artifact), and purple (artifact & scene). The left AG
MCD site identified across all four categories is shown in aqua color. The four orange boxes on the top panel depicted
the enlarged patterns of pairwise MCD in the dorsal ATL, the AG, left MTG, and the ventral occipitotemporal cortex.

We plotted the outlines of sites showing significant MCD of pairs of categories on an inflated cortical surface (Fig.
4). This analysis revealed that the left AG MCD site identified in the first portion of this study is surrounded by a
cortical map of regions showing significant pairwise MCD for different pairs of categories. More precisely, this cortical
map is constituted by regions showing MCD effects between scenes and each of the other three categories separately,
demonstrating joint encoding of responses to entities and to the environments in which they are embedded (Fig. 4; face
and scene, in green; body and scene, in yellow; artifact and scene, in purple).

In addition to this cortical map of multi-category dependence in the left AG, the analysis revealed other cortical areas
displaying evidence for MCD between pairs of categories (a magnified view of these areas is shown on the top panel of
Fig. 4). First, a region in dorsal ATL showed evidence of overlapping face-body, face-scene, and body-scene MCD
(shown in the leftmost magnification box, Fig. 4). Second, pairwise MCD effects were observed in the left middle
temporal gyrus (MTG, shown in the third magnification box from the left, Fig. 4). Lastly, pairwise MCD effects of
responses selective for faces and bodies, faces and artifacts, faces and scenes, and bodies and scenes were observed in a
portion of the ventral occipitotemporal cortex (shown in the fourth magnification box from the left, Fig. 4). Overlap
between face-body and face-scene MCD effects was observed in the precuneus (Fig. 4). Overall, MCD effects showed
a substantial degree of bilateral symmetry.

Consistent with the overlap in pairwise multi-category dependence results, we also found significant three-way MCD
effects in ATL, middle temporal gyrus, and ventral occipitotemporal cortex (Fig. 5a). To quantify the contribution of
different categories to predicting responses in these regions, we computed the variance explained by the best-predicting
5-Layer Dense MVPN model using all combinations of individual, pairwise, and three-way sets of categories (Fig.
5b-f). Together, these results show that in addition to the MCD site in angular gyrus, pairwise and three-way MCD
effects can be observed at multiple other sites, including ATL and MTG.

Discussion

This study aimed to identify cortical sites that jointly encode responses across multiple category-selective brain regions.
Using multivariate analyses of the interactions between brain regions, we identified a multi-category dependence (MCD)
site in the left angular gyrus (AG), surrounded by a cortical map of regions showing pairwise and three-way MCD effects.
Combining information from multiple object categories is needed for a variety of cognitive functions - what might be
the functional role of the multi-category representations we identified in AG? The AG is a multimodal integration area
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Figure 5: a. Cortical sites showing three-way multi-category dependence. b-f. Predictive accuracy across three-way
MCD regions using response patterns from different sets of category-selective regions as inputs (e.g. F: face-selective
regions, FB: face- and body-selective regions, ABF: artifact-, body-, and face-selective regions) with the 5-Layer Dense
MVPN model. Error bars indicate the standard error of the mean (SEM).

[47] that has been implicated in a variety of cognitive processes. Specifically, the AG has been implicated in semantic
memory [50, 51], episodic memory [52, 53], and bottom-up attention [54]. More recently, it has been proposed that
AG might play a key role for the representation of event semantics [55] and schemas [56], and that it might serve as a
temporary buffer that integrates spatiotemporal information [57].

Previous studies reported evidence of a role of AG in combinatorial semantics, showing that AG responds more to
meaningful word combinations than to non-meaningful ones, and that the degree of atrophy in AG is inversely related to
combinatorial performance in patients with semantic dementia [58]. In addition, transcranial direct current stimulation
(TDCS) of the left AG selectively affects the speed of comprehension of semantically meaningful word combinations
[21]. These observations are consistent with the sensitivity of AG to combinatorial spatial and non-spatial patterns
[56]. AG was also found to respond differentially during the integration of multiple cues when making judgments
about ambiguous words [59], even when the cues were from different categories (facial expressions and locations).
Our results directly demonstrate the statistical dependence of AG responses on responses across regions selective for
multiple different categories during the observation of complex, quasi-naturalistic videos (Fig. 2b).

In addition, the results reveal a cortical map of regions in and around AG whose responses depend on different pairs of
category-selective networks (Fig. 4). This cortical map is characterized by regions jointly encoding scene-selective
responses with responses selective for one other category (scenes and artifacts, scenes and bodies, scenes and faces),
suggesting that AG might integrate objects and their scene contexts to represent complex situations and events. This
proposal is consistent with the hypothesis that AG might be involved in event representations [55], and that it might
serve as a temporary buffer [57], as the locations and interactions of multiple objects and their functional significance
within an event (i.e. whether they play a causal role) can vary from situation to situation.

Besides the AG, the ATL has been implicated in the integration of information across multiple modalities and categories
[16]. In addition, multivariate analyses of fMRI data suggest that ATL represents conceptual knowledge about objects
[60], and integrates multiple features of an object [61]. In the present study, we identified a region in dorsal ATL
showing pairwise MCD effects of faces and bodies, faces and scenes, and bodies and scenes. However, we did not find
significant MCD effects in this region in the analysis with all four categories.

While ATL might represent conceptual knowledge integrating across multiple features [60, 61], representations of
objects from different categories in this area might nonetheless be encoded by separate nearby regions, without one
single area integrating all categories. In the case of patients with semantic dementia, multi-category deficits following
ATL lesions could result from simultaneous damage to multiple category-selective regions. Indeed, the ATL is organized
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into a complex topography of subregions with distinct connectivity profiles [62], and patients with semantic dementia
are likely to have impairments to multiple subregions.

Alternatively, the lack of a significant voxels in ATL in the analysis with all four categories might be due to limitations
in our study. Inspection of the results reveals subthreshold, bilateral MCD effects in the lateral ATL (Fig. 2), suggesting
that studies with greater statistical power might be able to identify 4-way MCD effects in this region that survive
correction for multiple comparisons. It is well established that fMRI data in the ATL are affected by susceptibility
issues [63], and a larger amount of data might be needed to observe reliable results.

In addition to AG and ATL, we observed MCD effects in the left middle temporal gyrus (MTG) between artifacts and
scenes, artifacts and bodies, and artifacts and faces. Unlike AG, this region did not show MCD effects in the analysis
with all four categories. Left MTG has been previously implicated in the representation of artifacts [11, 64, 14]. In
addition, overlap between responses to hands and tools has been reported in the vicinity of this area [65]. The findings
in the present study suggest that left MTG might encode representations not only of artifacts in isolation, but also of
their interactions with the human body, including the face (i.e. flatware, glasses, hats). MCD between some pairs of
categories was also observed in a portion of ventral occipitotemporal cortex (Fig. 4). This observation converges with
recent reports of a heteromodal semantic hub in the fusiform gyrus [66, 67] to suggest that some integration might
already occur in posterior temporal cortex, but additional studies are needed to clarify the functional implications of this
finding.

Besides AG and ATL, another brain region often implicated in semantic integration is the precuneus [51]. Indeed, a
recent study used linguistic stimuli to study integration between words for objects from different categories, and found
that precuneus - but not AG - shows stronger responses to sentences including the names of entities from multiple
different categories than to sentences including only entities from a same category [22]. While in our study participants
watched complex, quesi-naturalistic stimuli (as opposed to processing sentences), our results are consistent with and
complementary to the findings by Rabini and colleagues [22]. The hypothesis that AG encodes complex spatiotemporal
relations between entities predicts that it would integrate information across multiple categories when entities from
different categories are present within a situation, but also when only entities from one category are present. In the
study by Rabini and colleagues [22], both types of sentences described events featuring spatiotemporal interactions
between multiple entities. Therefore, the hypothesized role of AG would not predict a difference in the overall amount
of response between the two sentence types.

It is possible that precuneus might also contribute to multi-category information representation. In fact, we did find
MCD effects in the precuneus when using two of the three artificial neural network architectures (i.e. the 1-Layer and
the 5-Layer network, Supplementary Fig. S3). However, the MCD effects were not observed when using the 5-Layer
densely connected architecture. Additional studies will be needed to test the robustness of MCD effects in the precuneus
during the perception of complex dynamic videos, and to rule out that these effects are specific to language processing.

More work remains to be done to fully understand how information from multiple category-selective brain regions is
encoded. In this study, we investigated multi-category dependence by searching for MCD sites whose responses are
better predicted by the multivariate response patterns across multiple regions that respond preferentially to different
categories, than by the response patterns in regions that are all selective for a same category. We identified a cortical
map of brain regions whose responses are better predicted by the joint responses across multiple category-selective
regions. However, several questions remain open. Additional research will be needed to investigate what kind of
computations occur within these sites, and to determine whether they use information about objects from different
categories to compute representations of their relationships and interactions. Furthermore, different MCD sites might
support distinct cognitive functions. Finally, the methods used in this study are correlational: future investigations could
evaluate the causal relationship between responses in category-selective regions and MCD sites using techniques such
as combined TMS-fMRI.

In conclusion, we identified a region in the left AG whose responses are better predicted by the joint patterns of activity
across multiple category-selective networks. This region is surrounded by a cortical map of areas showing MCD effects
for specific pairs of object categories. In addition, we found evidence for multi-category dependence between some
subsets of categories in the dorsal ATL and in left MTG. Together, these results show that multi-category information is
not encoded in a single centralized site. Instead, multi-category dependence occurs in multiple cortical areas, which
might in turn support distinct cognitive functions.
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Supplementary Materials

Supplementary Figures and Tables

Figure S1: a. Different MVPN model architectures. 1-Layer MVPN (left): 1-layer fully-connected linear neural
network model; 5-Layer MVPN (middle): 5-layer fully-connected linear neural network model; 5-Layer Dense MVPN
(right): 5-layer fully-connected linear neural network model with dense connections. b. Different predictive accuracy of
MVPN models across candidate MCD sites and network architectures by the combination of response patterns from all
category-selective regions. Error bars indicate the standard error of the mean (SEM).
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Figure S2: RDMs (top) and radar charts (bottom) for average brain activities across subjects in vermis 1, vermis
2, and occipital gyrus. The three regions were first identified as candidate MCD sites by the combined-minus-max
analysis but were then excluded by the control analysis. In each radar chart, the middle boundary represents the average
representational dissimilarity across subjects, the inner boundary represents the average representational dissimilarity
minus the standard error of the mean (SEM), and the outer boundary represents the average representational dissimilarity
plus SEM.

Figure S3: a. Statistical t-maps of the 1-Layer MVPN model computed from ∆varExpl across subjects. b. Statistical
t-maps of the 5-Layer MVPN model computed from ∆varExpl across subjects. ∆varExpl is the voxelwise difference
between the variance explained predicted by the combined model using all category-selective regions as input, and the
variance explained predicted by the model using regions selective for the single best-predicting category. The SnPM
thresholds corrected at p < 0.05 FWE are 4.78 (1-Layer MVPN) and 4.69 (5-Layer MVPN).T-maps are thresholded
within the range [7,10] for visualization purposes.
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