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ABSTRACT

Learning new categories is fundamental to cognition, occurring in daily life through various sensory modalities. However,
it is not well known how acquiring new categories can modulate the brain networks. Resting-state functional connectivity is
an effective method for detecting short-term brain alterations induced by various modality-based learning experiences. Using
fMRI, our study investigated the intricate link between novel category learning and brain network reorganization. Eighty-
four adults participated in an object categorization experiment utilizing visual (n =41, with 20 females and a mean age of
23.91 £3.11years) or tactile (n =43, with 21 females and a mean age of 24.57 + 2.58 years) modalities. Resting-state networks
(RSNs) were identified using independent component analysis across the group of participants, and their correlation with in-
dividual differences in object category learning across modalities was examined using dual regression. Our results reveal an
increased functional connectivity of the frontoparietal network with the left superior frontal gyrus in visual category learning
task and with the right superior occipital gyrus and the left middle temporal gyrus after tactile category learning. Moreover,
the somatomotor network demonstrated an increased functional connectivity with the left parahippocampus exclusively after
tactile category learning. These findings illuminate the neural mechanisms of novel category learning, emphasizing distinct
brain networks' roles in diverse modalities. The dynamic nature of RSNs emphasizes the ongoing adaptability of the brain,
which is essential for efficient novel object category learning. This research provides valuable insights into the dynamic in-
terplay between sensory learning, brain plasticity, and network reorganization, advancing our understanding of cognitive
processes across different modalities.

1 | Introduction and Miller 2010). These requirements make category learning
as a convenient and reliable arena for studying brain mecha-

Learning new categories is an essential cognitive function for nisms associated with cortical plasticity (Jiang et al. 2007), as

survival, facilitating navigation and interaction with our sur- it needs to combine top-down, task-specific information with

roundings (Mahon and Caramazza 2009; Martin 2007; Seger  bottom-up, stimulus-driven information.

and Miller 2010). New category learning is not dependent on

any single neural system but rather results in requirements of ~ Every day, we use our vision and touch senses to interact with

various neural systems depending on the task demands (Seger and manipulate various objects and stimuli in our environment,
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enabling us to communicate and navigate the world around us.
Remarkably, even without visual input, we can identify items
by touching alone, underscoring the effectiveness of touch in
object discrimination (Klatzky, Lederman, and Metzger 1985).
Neuroimaging studies have revealed that both tactile and visual
object categorization involve complex networks of brain regions
beyond the traditional sensory cortices (Amedi et al. 2002;
Kitada 2016; Lee Masson et al. 2016; Sathian 2016). When we
touch an object, we initially perceive its shape, texture, softness,
and temperature, processed primarily in the primary somato-
sensory cortex (S1) and the secondary somatosensory cortex (S2)
(Kitada 2016; Sathian 2016). As we learn to categorize objects
through touch, additional regions, such as the posterior pari-
etal cortex (PPC) and the prefrontal cortex (PFC), become in-
volved (Chapman et al. 2002; Pei and Bensmaia 2014; Sinclair
and Burton 1991). Similarly, the primary visual cortex (V1) is
the initial site for processing visual information, capturing fun-
damental features such as orientation. Visual learning enhances
connectivity within the visual cortex (Bougou et al. 2024) and be-
tween the visual cortex and higher-order cognitive regions, such
as the PFC and parietal cortex (DeGutis and D'Esposito 2009;
Guidotti et al. 2015; Kao et al. 2020; Lewis et al. 2009). The lat-
eral occipital cortex plays a significant role in both tactile and
visual object categorization, highlighting the brain's ability
to integrate sensory inputs from different sensory modalities
(Amedi et al. 2002; Erdogan et al. 2016; Lee Masson et al. 2016;
Lucan et al. 2010; Saito et al. 2003; Stilla and Sathian 2008). The
brain's ability to adapt and reorganize its functional architecture
over time shapes our capacity to learn new categories and com-
prehend the vast array of objects in our environment.

Resting-state functional MRI (rs-fMRI) is a powerful tool to
investigate brain plasticity, which refers to the brain's ability to
reorganize itself by forming new neural connections (Guerra-
Carrillo, MacKey, and Bunge 2014; Kao et al. 2020) under dif-
ferent conditions. Unlike task-based fMRI, rs-fMRI captures
the brain's spontaneous activity during rest without involving
the brain in any specific task. The functional architecture of
the human brain during rest comprises discrete, large-scale
networks with widely spaced nodal regions, demonstrating
highly correlated activity across time (Fox and Raichle 2007;
Raichle et al. 2001; Vincent et al. 2007). These resting-state
networks (RSNs), evident in ultra-low-frequency (<0.1Hz)
spontaneous BOLD signal fluctuations during rest, encompass
mainly the default mode network (DMN) (Raichle 2015), the
dorsal (DAN) and ventral attention networks (VAN) (Vossel,
Geng, and Fink 2014), the frontoparietal network (Marek and
Dosenbach 2018), the limbic network (Dorfel, Girtner, and
Scheffel 2020), the visual network, the somatosensory network
(Damoiseaux et al. 2006), and the cerebellar network (Bernard
et al. 2012). The robust correlations observed within and be-
tween these networks underscore a distinctive topography of the
RSN (Biswal et al. 1995; Fox et al. 2005; Hagmann et al. 2008).
This topography aligns seamlessly with both the underlying
structural connectivity of the cortex and the functional neuro-
anatomy of systems that collectively contribute to specific cog-
nitive tasks and functions (Van Den Heuvel et al. 2009; Lewis
et al. 2009; De Luca et al. 2005).

While numerous studies have elucidated how functional con-
nectivity networks can be modulated by various factors, such

as cognitive tasks (Fransson 2006; Schlaffke et al. 2017; Sun
et al. 2007; Weisberg, Van Turennout, and Martin 2007), sen-
sory stimulation (Hampson et al. 2004), and learning pro-
cesses (Albert, Robertson, and Miall 2009; Guidotti et al. 2015;
Lewis et al. 2009; Stevens, Buckner, and Schacter 2010; Vahdat,
Darainy, and Ostry 2014; Waites et al. 2005), the specific effects of
learning three-dimensional (3D) novel object categories through
tactile and visual modalities remain unexplored. These cortical
activity changes, interpreted as the plasticity of neural systems,
extend beyond task-relevant networks to alterations between
distinct networks (Albert, Robertson, and Miall 2009; Lewis
et al. 2009; Vahdat et al. 2011; Waites et al. 2005). For instance,
motor learning (Albert, Robertson, and Miall 2009; Vahdat
et al. 2011) and visual perceptual learning (Guidotti et al. 2015;
Lewis et al. 2009) have been shown to modify RSNs. Besides the
predictive coding tasks (Barnes, Bullmore, and Suckling 2009;
Lewis et al. 2009), the preparatory processes in anticipation of a
task (working memory) can also influence the RSN connectivity
(Jolles et al. 2013). Moreover, a recent study showed that when
participants view photos of the natural or built environment, the
functional connectivity of the DMN, DAN and VAN, and soma-
tomotor networks changes (Kiihn et al. 2021). The plasticity of
RSNs emphasizes the dynamic role of functional connectivity
in brain function to support the consolidation of previously en-
coded information.

Overall, the exact mechanisms by which new category acquisi-
tion influences brain networks through tactile or visual sensory
modalities remain largely unclear. RSNs represent the brain's
baseline activity, investigating the changes in RSNs after cate-
gory learning in both tactile and visual systems is essential to
understanding how the brain reorganizes itself to accommodate
new information. Additionally, alterations in RSNs can serve as
predictors for learning outcomes. By studying these changes, we
can identify neural markers that indicate successful category
learning and potentially predict future learning capabilities.
Our goal is to explore how learning new object categories via
tactile and visual systems can induce behavior-specific changes
in connectivity within the RSNs. The main limitations of pre-
vious studies are as follows: (i) Use of two-dimensional (2D)
stimuli: Most studies have utilized 2D stimuli, which differ
significantly from real-life experiences (Broadbent et al. 2018;
DeGutis and D'Esposito 2009; O'Bryan et al. 2024; Roark
et al. 2021). (ii) Parametric shape models: Many studies have
employed parametric shape models, including shell-shaped
3D objects (Lee Masson et al. 2016). However, these paramet-
ric approaches often struggle to capture the complexity of nat-
ural object shapes and may introduce confounds (Lacey and
Sathian 2014). (iii) Familiar stimuli: Many studies used familiar
stimuli, which can engage memory processes and influence in-
formation (Herndndez-Pérez et al. 2017; Jiang et al. 2007). (iv)
Lack of unified stimuli for visual and tactile learning: To the
best of the authors’ knowledge, no study has used similar stim-
uli for both visual and tactile category learning. This approach
minimizes variations in stimulus features and helps capture
common effects in new category learning. In the current study
to overcome these limitations, we used a virtual phylogenesis
(VP) algorithm to simulate the biological process and create a
unique set of novel naturalistic 3D objects: the so-called digital
embryos (Hauffen et al. 2012; Tabrik et al. 2021). Both the tactile
and visual experiments employed identical stimuli. The digital
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embryos were 3D printed for tactile testing, and we utilized vir-
tual reality (VR) to explore 3D objects visually.

In the current study, we acquired two sets of resting-state data,
pre- and post-training, to examine the learning of 3D object cat-
egories through tactile or visual modalities. Utilizing a dual re-
gression approach, we generated subject-specific modifications
of well-known RSNs. Subsequently, we conducted an in-depth
statistical analysis to elucidate how learning new categories im-
pacts RSNs and to identify potential influences of sensory mo-
dality selection on these intrinsic neural networks. Based on the
literature, we expect to see enhanced functional connectivity
in the FPN following category learning. The FPN is involved in
cognitive control and executive functions, which are essential
for processing and categorizing new information. Additionally,
we anticipate increased connectivity between visual and tactile
sensory networks, reflecting cross-modal integration. This inte-
gration is expected to facilitate the learning of new categories by
combining information from different sensory modalities.

2 | Materials and Methods
2.1 | Participants

In this study, 84 young, healthy adults participated in two object
categorization experiments. They were assigned randomly into
two groups: the tactile group (n =41, with 23 females and a mean
age of 23.91+3.11years) and the visual group (n=43, with 21
females and a mean age of 24.57 +2.58years). The Edinburgh
Handedness Inventory test (laterality index >0.83) revealed
that all of the participants were right-handed (Oldfield 1971).
They reported no history of neurological diseases, no serious
hand injuries, either healed or present, normal or corrected-to-
normal vision, normal color vision, and normal hearing capac-
ity. All participants provided informed written consent before
the experiment's start and were not aware of the study's goals.
The participants were compensated with €50 for their participa-
tion. All tests were authorized by the local ethics committee of
the Medical Faculty at Ruhr-University Bochum (No. 17-6184).
Instructions were provided only after the first resting-state data
recording because knowing of the study's objectives beforehand
could affect the participants’ resting-state connection patterns
(Guerra-Carrillo, MacKey, and Bunge 2014).

2.2 | Generation of 3D Stimuli

We generated 16 novel, naturalistic virtual 3D objects using a
Virtual Phylogenesis (VP) algorithm (Brady and Kersten 2003;
Hauffen et al. 2012) to create naturalistic 3D objects, also known
as digital embryos. This technique ensures natural object prop-
erties and prevents the activation of memories of familiar objects
that may influence perceptual processing. The VP algorithm
creates a unique set of novel naturalistic 3D object categories
by simulating the natural processes of morphogenesis and phy-
logenesis during object generation. Starting from a uniform
icosahedron as an ancestor, digital embryos were created by
simulating the biological processes of cell division, cell growth,
and cell movement (further details are available at http://hegde.
us/digital-embryos/). In the current study, we selected digital

embryos from the third generation as two different categories
(eight objects per category) as depicted in Figure 1A. This algo-
rithm allows for the independent creation of naturalistic shape
variations within and across categories that are not imposed
by an experimenter. It is crucial to note that, based on a pilot
experiment, the overall appearance of objects within each cate-
gory was similar, and distinguishing embryos between catego-
ries was not straightforward (for more information, see Tabrik
et al. 2021).

2.3 | Experimental Procedure

Figure 1B provides a comprehensive summary of the experi-
ment. Before learning the 3D object categorization using either
visual or tactile sensory systems, 10 min resting-state fMRI (rs-
fMRI) data were recorded. In the learning phase, participants
learned 16 objects from two distinct categories using either
visual or tactile sensory systems. The participants attended
7 blocks, each comprising 32 trials, during which each object
was presented twice. During both the visual and tactile training
experiments, participants were given two optional breaks. The
visual training lasted ~60min, while the tactile training lasted
~75min. After completing the learning phase, rs-fMRI data
were again recorded for 10 min.

After the training sessions were completed, we administered
a questionnaire to all participants to inquire about the object
features they deemed important in categorizing them. The
questionnaire listed seven features for participants to consider,
namely: (i) weight; (ii) color; (iii) texture; (iv) global size; (v)
branch size; (vi) global shape; and (vii) branch pattern.

2.4 | Visual Experiment

Participants in the visual group underwent training to visually
categorize 16 objects into two categories, with eight objects per
category. This was achieved through the use of VR technology
in a 3D virtual environment, which was designed to simulate
a real-life environment. The virtual environment, presented
through an HTC Vive headset with a resolution of 1080x 1200
pixels per eye (2160% 1200 pixels combined) and a 110° field of
view (FOV) at a 90 Hz refresh rate, included a virtual office with
a desk. Participants sat on a real chair positioned in front of a
virtual desk. Two perspectives of the virtual office are shown
in Figure 1C. The virtual room's walls, furniture, and lighting
were carefully chosen to allow the participants to easily discern
the stimuli. Participants were able to freely grasp, pick up, and
rotate an object using a Vive wireless controller (held in their
right hand by pressing a button to hold the digital embryos) to
examine it from different angles. Before starting the main task,
participants were familiarized with the VR environment, the
proper use of the controller, and the 3D digital embryos. First,
participants were allowed 2min to explore the virtual environ-
ment to become comfortable with the virtual workplace and
limit distractions during the primary experiment. Sixteen 3D
digital embryos were then placed randomly on the virtual table
in front of the participants. Each participant was given up to 8s
to rotate each embryo using the Vive wireless controller and
become familiar with its form variations. Each trial involved
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FIGURE1 | Stimuli generation and experiment designs. (A) A “family tree” of digital embryos. An icosahedron served as the starting point for

a VP process that produced 3D objects. Selected embryos reproduce in each generation Gn, resulting in generation Gn+ 1. Eight G3-siblings from a
single parent constituted a unique object category. Two classes of novel objects in G3 were produced by applying simulated embryonic development
processes to a particular parent object from G2 (red circles). The current investigation used two object categories from the third generation as stimuli
in total; the experimenter assigned numbers 1 through 8 to each category based on the siblings' corresponding positions. The subjects were not in-
formed about the creation and/or classification process of the digital embryos. (B) A 10-min resting-state fMRI scan was the first step in the experi-
mental design. Following that, participants completed a carefully designed training program consisting of seven blocks that were aimed at achieving
particular experimental goals. A second 10-min resting-state fMRI scan was obtained on individuals after the training session to record any possible
neural plasticity changes brought on by the experimental intervention. The experiments for each participant were completed in a single day. (C) In
front of the participants was a furnished virtual office with a desk. There was a window to the right that provided an outside view, and to the left of
the participants were bookshelves, a printer, a few books, and a monitor on a study table. (D) Visual categorization task leveraging VR technology.
(E) Tactile categorization experiment using 3D tangible objects generated by a 3D printer on blindfolded participants. The objects were printed out
with two different colors in order to be more recognizable for the experimenter. Since participants were unable to see the objects, this color difference

did not affect the experimental results.

presenting an object at a random orientation on a virtual desk in
front of the participant, who then had 4s to visually explore the
object without any restrictions using the controller with their
right hand. Afterward, they had to determine the object's cate-
gory (categoryl or category2) by pressing a left/right button on
a mouse with their left hand, with no time restriction. Correct
responses were indicated by a pleasant auditory signal, while in-
correct responses were indicated by an unpleasant tone. The ob-
jects were presented in a pseudorandom order in fixed locations
on the virtual table, as shown in Figure 1D.

2.5 | Tactile Experiment

The tactile group of participants was trained using 3D-printed
versions of the same stimuli used in the visual experiment.

Throughout the experiment, participants wore eye masks to
prevent the interaction of tactile and visual information. They
were comfortably seated at a table with a sound-absorbing
surface and allowed to explore and palpate the objects nat-
urally using both hands, with no restrictions regarding the
exploratory procedure. Similar to the visual experiment,
participants had become familiar with the stimuli before the
main experiment. The experimenter randomly chose a digi-
tal embryo from each of the two groups and placed it on the
sound absorption plate in front of the participants. They had
12s to examine each embryo and get familiarized with its
shape variations. In the main experiment, each trial began
with the experimenter placing an object in a random orien-
tation on the sound-absorbing table, after which a start sig-
nal (a beep tone of 5kHz with 300 ms duration) played via a
speaker to initiate the exploration time. After 8s, a stop signal
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(same beep tone as the start signal) was used to indicate the
end of the exploration time. Since tactile exploration requires
more time to perceive all features, participants were given
additional time (8s) compared to the visual experiment (4s)
to explore each object (Erdogan, Yildirim, and Jacobs 2015;
Gaissert and Wallraven 2012; Tabrik et al. 2021). Participants
were required to put the object back on the table. Then, they
verbally categorized the object as 1 or 2, with no time restric-
tion. Similar to the visual training session, a pleasant or un-
pleasant tone was used as feedback to notify participants of
the correctness of their response, as shown in Figure 1E. The
objects were presented in a pseudorandom order.

2.6 | Behavioral Data Processing

To determine the statistical significance of mean behavioral
performance differences across blocks, we employed a repeated
measures ANOVA with Greenhouse-Geisser correction to ac-
count for violations of sphericity. For both the tactile and visual
groups, post hoc pairwise comparisons were performed using
Bonferroni correction to control for multiple comparisons and
assess the learning procedure. The questionnaire data were
analyzed using two-tailed paired ¢ tests, also with Bonferroni
correction, to compare features between visual and tactile
experiments.

2.7 | rs-fMRI Acquisition

Neuroimaging data were acquired utilizing a state-of-the-
art whole-body 3T scanner (Achieva 3T X, Philips Medical
Systems, Best, The Netherlands) equipped with a 32-channel
SENSE head coil, located at the Bergmannsheil Hospital in
Bochum, Germany. To ensure accurate echo-planar imag-
ing (EPI)-distortion correction, high-resolution anatomical
images were obtained utilizing a whole-brain structural T1-
weighted MPRAGE sequence with the following specifica-
tions: repetition time (TR)=8.2ms, echo time (TE)=3.8ms,
voxel size=1x1x1mm?3, FOV=240x240x220mm?3, and flip
angle=90°. rs-fMRI data were obtained using an EPI sequence
with the following parameters: TR=2500ms, TE=35ms, flip
angle=90°, 39 slices with no gap, FOV =224 X224 x 117 mm?,
and resolution=2x2x3mm?3. Each rs-fMRI scan lasted for
10min. Participants were instructed to remain relaxed, with
their eyes closed while avoiding falling asleep during the
scanning process and refraining from thinking about any spe-
cific topic.

2.8 | fMRI Data Processing

All neuroimaging data were processed using tools from the
FMRIB Software Library (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/
FSL, version 6.0.5.1), the Analysis of Functional NeuroImages
(AFNTI, version 20.0.09 https://afni.nimh.nih.gov/), Advanced
Normalization Tools (ANTs, http://stnava.github.io/ANTs/),
and FreeSurfer (http://surfer.nmr.mgh.harvard.edu, Harvard
University, Boston, MA, USA, version 7.1.1) software. First,
DICOM files were converted to NIfTI format using the dcm2niix
function, and framewise displacement (FD) was calculated from

derivatives of the rigid body realignment estimates to evaluate
the quality of rs-fMRI data. We excluded two participants’ data
due to excessive head motion, where over 20% of volumes (48
volumes) were contaminated with FD >0.3mm. Then, motion
correction was performed using FSLs motion correction tool,
mcflirt function (Jenkinson et al. 2002), and slice time correc-
tion was performed for interleaved ascending acquisition with
the middle slice as the reference frame. To reduce motion-
related artifacts, we applied spatial smoothing using a Gaussian
filter with full width at half maximum of 6 mm, using the
3dBlurlnMask function of AFNI software. After removing non-
brain tissues, we applied a global intensity normalization with
grand mean=10,000 across scanning sessions for group anal-
ysis. Following the standard preprocessing steps, we used the
Automatic Removal of Motion Artifacts software package (in-
dependent component analysis [[CA]-AROMA, version 0.3beta)
to remove artifacts originating from in-scanner head motion.
We then regressed out the mean white matter (WM), cerebro-
spinal fluid (CSF), and global signals from the time course of
each voxel using the fslregfilt function. We utilized the recon-all
function in FreeSurfer to remove the skull and non-brain tissue
from anatomical images and segment the brain into gray mat-
ter, WM, and CSF masks. To ensure no overlap between CSF
or WM masks, the masks were binarized at a threshold of 0.95.
Using these masks, the voxels within each mask were averaged
to create a single signal for each component. In addition, data
were linearly detrended. Finally, a band-pass temporal filter
(using the 3dTproject function, 0.009-0.1 Hz) was applied to the
rs-fMRI data after data cleaning because ICA and confound re-
gression can benefit from information from the full range of the
frequency spectrum in separating the signal sources. The first
five and last five volumes were discarded to ensure longitudinal
magnetization reached a steady state and also to avoid the edge
effect of temporal filtering.

To register the EPI images to the high-resolution structural
(MPRAGE) images, we utilized the BBR implanted technique in
FSL (Greve and Fischl 2009). We then registered the structural
images to the MNI152_T1_2mm template using the Symmetric
Normalization algorithm, which is a nonlinear method im-
planted in ANTSs version 2.1.0.

2.9 | Independent Component Analyses

ICA is a computational method used to identify coherent spatial
patterns in fMRI data, including RSNs and spatially structured
artifacts (Beckmann et al. 2005; Beckmann and Smith 2004). In
this study, ICA was carried out using FSL Melodic ICA (version
3.15) on the preprocessed data of pre-learning functional scans
of both the visual and tactile groups. For dimensionality estima-
tion of ICA, we utilized the established automatic dimensional-
ity estimation in FSL, which employs Bayesian estimators for
model order determination and applies PCA to reduce the data
before IC estimation (Beckmann and Smith 2004). A group-ICA
using 39 independent component maps (IC maps) was applied
to detect RSNs from the pre-learning functional scans of both
groups, with variance normalization used. Pre-learning scans
were chosen to avoid potential biases from task-induced changes
in post-learning scans, ensuring that the same RSNs were con-
sistently used for dual regression on both pre- and post-learning
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data. The estimated component maps were thresholded by di-
viding the maps by the standard deviation of the residual noise
and then fitting a Gaussian-Gamma mixture model to the dis-
tribution of voxel intensities within spatial maps (the local false-
discovery rate at p<0.5, (Beckmann and Smith 2004)). To select
the RSN for further analysis, FSLs “fslcc” tool was used to sta-
tistically compare each ICA component to a set of seven popular
RSNs (Yeo et al. 2011). Throughout the rest of the text, whenever
we refer to Yeo et al.'s networks, we will simply use the term
“reference networks.” The ICA components that yielded a sig-
nificant correlation (Pearson's r>0.2) with reference RSNs (Yeo
et al. 2011) were selected as RSNs. P-values of correlation coef-
ficients were calculated using a t-distribution with n— 2 degrees
of freedom. Twenty-six ICA components were identified based
on this procedure. Two additional ICA components were identi-
fied as cerebellar RSNs upon visual inspection. In total, 28 RSNs
were entered into the dual-regression analysis. The ICA com-
ponents that did not significantly correlate with reference net-
works were labeled as noise and excluded from further analysis.

2.10 | Dual Regression

To explore the impact of learning on the composition of the
RSNs identified by the ICA, we employed a dual-regression tech-
nique implemented in FSL (Beckmann et al. 2009; Nickerson
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et al. 2017). This method allows us to compare voxel-wise rs-
fMRI data from pre- and post-learning conditions. The dual-
regression process involved two steps, as shown in Figure 2. The
first step, spatial regression, involved regressing unthresholded
maps of the group-ICA onto each participant's functional data.
Specifically, the four-dimensional (4D) rs-fMRI data were reor-
ganized into a 2D data matrix (N voxels X T timepoints). The un-
thresholded group ICA components (N voxels X 28 components),
which are consistent across all subjects, were then regressed
into this data matrix. This process yields subject-specific time
series that describe the temporal dynamics of the components
(28 components X T timepoints). Each time series represents
the mean signal across the voxels within the corresponding IC
spatial maps. The second step of dual regression is called tem-
poral regression. In this step, the network-specific time series
(T timepointsx 28 components) from previous step were used
as a set of regressors in voxel-wise multiple regression analysis
into the individual subject's fMRI data (T timepoints X N voxels).
This step allows to identify the subjects-specific spatial maps (28
components X N voxels) that correspond to the temporal dynam-
ics of each component. In essence, the time series that reflecting
the temporal fluctuations of the group-level components were
utilized to reconstruct individual spatial maps. To demonstrate
the differences in both activity and spatial spread of the RSN,
the dual regression analysis was carried out with variance
normalization.
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Non-cortical,
artifactual, noise
components (n=11)
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Dual Regression Results

FIGURE 2 | The data processing pipeline for dual regression. The preprocessed rsfMRI data at MNI space were fed into the MELODIC software
in FSL to run group ICA analysis. The meaningful RSNs were selected for dual regression analysis. In the first stage of dual regression, the temporal
dynamics of each RSN map of each subject were extracted using a multivariate spatial regression of each spatial map into the subject’s 4D space-time

dataset. In the second stage, these time series were regressed into the same subject fMRI data using multivariate regression to identify the subject-

specific spatial maps, one per template RSNs. FSL randomize nonparametric test was used to identify differences between groups.
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To perform statistical analysis, we collected spatial maps for
each original independent component across all subjects into
single 4D files. To identify the differences between pre-and
post-learning in visual or tactile groups (learning-specific ef-
fect) within the boundaries of the spatial maps obtained with
MELODIC, we used FSL randomize nonparametric permu-
tation testing (Jenkinson et al. 2012). This method involved
5000 permutations and a threshold-free cluster enhancement
(TFCE) using a significance threshold of p <0.05 to control for
multiple comparisons (Nichols and Holmes 2002). We applied
a Bonferroni correction to account for multiple comparisons
across the ICs (28 components), resulting in an adjusted sig-
nificance level of p <0.0018.

To investigate the relationship between brain connectivity
changes and learning progress across seven training sessions in
tactile and visual category learning experiments, we used the
following approach. A linear regression was fitted to perfor-
mance data across sessions, with the slope serving as the learn-
ing metric. Pearson correlation was then used to calculate the
relationship between parameter estimates from selected voxels
(obtained through dual regression) and the learning metric. P-
values were corrected for multiple comparisons across four tests.

3 | Results
3.1 | Behavioral Data

AsshowninFigure 3, performance accuracyin each block wascom-
puted for the tactile and visual groups. The statistical significance
of mean behavioral performance differences between blocks was
assessed using a repeated measures ANOVA with Greenhouse-
Geisser correction (tactile group: F(6, 252)=40.18, p<0.0001, vi-
sual group: (6, 228)=61.02, p<0.0001). Behavioral performance
improved significantly from the first block to later blocks, accord-
ing to post hoc pairwise comparisons with Bonferroni correction
for both the tactile and visual groups (p <0.0001). Furthermore, a
linear regression analysis showed a substantial increase in both
groups' accuracy values (visual group: R>=0.917, p=0.0007; tactile
group: R?=0.824, p=0.0047). Therefore, we can conclude that the
results from the ANOVA indicate a significant increase in behav-
ioral performance, and the learning criterion was reached during
the respective training sessions for both groups.

The results of the questionnaire analysis revealed regardless
of the sensory modality used—visual or tactile—participants
in all groups consistently focused on the same aspects during
category learning. However, global size was found to be a more
significant determinant in the tactile experiment as opposed
to the visual trial, as demonstrated by a statistically significant
difference (two-tailed paired ¢ test, p=0.013, Bonferroni correc-
tion) (Figure 4). This demonstrates the complex impact of sen-
sory modalities on the weight given to particular characteristics
throughout the categorization process.

3.2 | Independent Component Analysis

The functional brain data were decomposed into 39 distinct inde-
pendent spatiotemporal components using ICA. This procedure
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FIGURE 3 | Behavioral performance. (A) Tactile and (B) visual ex-
periments. The results demonstrate that participants exhibited profi-

cient learning in categorizing both categories, irrespective of the sen-
sory modality employed—whether visual or tactile. To further illustrate
the distribution and variability in the behavioral performance data,
boxplots are included for each experiment, providing a comprehensive
view of the participants’ performance across the two modalities.

found 28 ICA components that were significantly correlated with
reference networks and 11 ICA components that were not signifi-
cantly correlated with reference networks (Yeo et al. 2011). Since
these 11 ICA components appeared to be artifactual signals, such
as edge effects or were associated with high-frequency signals, like
movement generated by a heartbeat, they were excluded from addi-
tional analysis. The 28 ICA components of interest were identified
as 28 RSN components (Figure 5). Each of the 28 RSNs belonged
to the cerebellar network or one of the seven major RSNs found
by Yeo et al. (2011): the somatomotor network, frontoparietal net-
work, visual network, DMN, limbic network, VAN, and DAN.

As several ICs exhibited correlations with multiple reference
networks, each IC is categorized with the reference network
that demonstrates the strongest correlation (Figure 5). The pre-
central and postcentral gyrus and paracentral gyrus (ICs 2 and
10), superior temporal gyrus and primary auditory cortex (ICs 6
and 21), and left and right postcentral gyrus (ICs 17 and 24) were
the six networks that significantly overlapped with reference so-
matomotor network. Two cortices that correlated with reference
frontoparietal network (ICs 3, 4, 20, and 26) were the dorsolat-
eral PFC and the PPC. Subsets of the medial and superior PFC,
precuneus, and posterior cingulate cortex (ICs 1, 8, and 23) are
associated with reference default network.

The hippocampus and fusiform gyrus (IC 22) and the ventrome-
dial PFC and orbital gyrus (IC 9) overlap with reference limbic
network. In the cerebellar network, ICs 15 and 16 were present.
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FIGURE 4 | Questionnaires for categorization tasks. Following
every experiment, participants were asked to rate the importance of
various features in order to determine their involvement in the tasks.
Weight, color, texture, global size, branch size, global shape, and branch
pattern are among the variables that are taken into consideration. With
the exception of global size, which was more important in the tactile
experiment than in the visual trial (two-tailed paired ¢ test, p=0.013,
Bonferroni correction), the findings show that participants concentrat-
ed on the same features in both the tactile and visual studies (two-tailed
paired ¢ test, p>0.5). The bars depicted in the figure illustrate the mean
ratings across all participants for the tactile (green) and visual (red) ex-
periments. A rating of zero signifies no importance, while a rating of six
designates a feature of utmost importance. The error bars denote the
standard error of the mean (SEM).

There was significant evidence of a strong correlation between
reference VANs and the medial and lateral frontal cortex (ICs
11, 14, and 19). Finally, two networks overlapping with refer-
ence DAN (ICs 7 and 27) were formed of the middle frontal
gyrus, inferior and superior parietal lobes, and occipital areas.
Furthermore, in Figure 6, all 28 ICs from the current study are
shown in different colors near reference template networks.
These 28 RSN components were used as input for the dual-
regression technique, which was used to build subject-specific
maps of the RSNs identified in the groups.

3.3 | Dual Regression Analysis

The study utilized a voxel-wise analysis with nonparametric
permutation testing to identify significant test-retest changes
in functional connectivity resulting from category learning,
as measured by paired ¢ tests for pre- and post-learning RSNs
(using the “randomize” function from FSL with TFCE, p <0.05).
Notable results from the dual-regression analysis clarified how
visual category learning affects the increase in functional con-
nectivity in the left superior frontal gyrus within the frontopa-
rietal network (IC 3). This effect is shown clearly in Figure 7
(Peorrected <0-05), where it is associated with increased co-
activation in the left superior frontal gyrus. This increased co-
activation in the left superior frontal gyrus illustrates changes
induced by being proficient in two different categories of visual
objects and emphasizes the influence of visual category learn-
ing on the frontoparietal network plasticity (r=0.37, p=0.038,
Figure 9D).

In the tactile learning condition, the frontoparietal network
(IC20) shows an increased functional connectivity in two dis-
crete regions: the right superior occipital gyrus, which extends
into the precuneus cortex (Figure 8B, p_ . .ceq <0-05), and
the left middle temporal gyrus (Figure 8A, p_ . ccreq <0-05).
Figure 9A,B illustrates the association between connectivity
changes in the left middle temporal gyrus (r=0.34, p=0.049)
and the right superior occipital gyrus (r=0.40, p=0.027),
respectively, with enhanced behavioral performance during
tactile category learning. Changes in functional connec-
tives show that this expansion is closely linked to the tac-
tile category learning effect. Simultaneously, Figure 8C
(Peorrected < 0-05) shows increased functional connectivity in
the subcortical somatomotor network (IC 2) in the left par-
ahippocampus after tactile category learning which is asso-
ciated with greater behavioral performance during tactile
category learning (r=0.34, p=0.048, Figure 9C). These subtle
changes highlight how tactile category learning may influ-
ence functional connectivity and provide important insights
into the distributed functional changes throughout the brain
in response to sensory-motor learning events. For details on
the size of significant clusters identified in the dual regression
analysis, please refer to Table 1.

Subsequently, the unanswered question of whether the explor-
atory process—that is, the sensory modalities—may have an
impact on functional connectivity remains unanswered. Even
though the types of objects in the tactile and visual categoriza-
tion tests were identical, the question of whether the sensory mo-
dality affects functional connection was investigated. Using the
second dual-regression (unpaired ¢ test), we performed a com-
parative analysis between the tactile and visual groups during
post-learning sessions to clarify the impact of sensory modality
on functional connectivity. The findings showed that individ-
uals who were trained in tactile categorization and those who
were trained to categorize visual objects have different patterns
of connectivity. Higher functional connectivity was seen in vi-
sual category learning, as shown by the increased functional
connectivity of the right posterior cingulate with the visual net-
work (IC 12), the right middle frontal gyrus with the somatomo-
tor network (IC 10), and the right angular gyrus with the default
network (IC 1) (Figure 9A). On the other hand, tactile category
learning showed enhanced functional connectivity, which was
represented by increased coupling between the right anterior as-
pect of the cerebellum and the default network (IC 23) and the
left anterior aspect of the cerebellum and the cerebellar network
(IC 15) (Figure 9B). These results highlight how different func-
tional connection patterns are shaped by sensory modalities
when learning visual or tactile categories.

4 | Discussion

For over 25years, the concept of brain functional connectiv-
ity during rest has been extensively explored. This connection
can be broken down into several well-known RSNs (Power
et al. 2011; Yeo et al. 2011). These networks enhance our knowl-
edge of cognition by illuminating the intricate interactions
across brain networks when there are no explicit tasks or ex-
ternal stimuli present. Understanding the dynamics of the rest-
ing state also supports the research of many neurological and
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FIGURE 5 | Selected RSNs of interest. The 28 RSNs are grouped into the cerebellar network, or seven categories based on reference networks
(Yeo et al. 2011)—somatomotor, frontoparietal, visual, default, limbic, ventral, and dorsal attention networks. Each component that is significantly
associated with more than one reference network is grouped with a reference whose overlap is stronger than that of other references. The threshold

level is at z>4.

psychiatric diseases by providing crucial insights into the fun-
damental operations of the brain (Daliri and Behroozi 2013; Lee,
Smyser, and Shimony 2013). Lately, there has been a growing in-
terest in investigating the learning-induced plasticity in resting
functional connectivity under different circumstances (Albert,
Robertson, and Miall 2009; Guidotti et al. 2015; Lewis et al. 2009;
Schlaffke et al. 2017; Stevens, Buckner, and Schacter 2010;
Vahdat et al. 2011; Vahdat, Darainy, and Ostry 2014). In the
current study, we used ICA in group participants and dual re-
gression analysis to investigate changes in RSNs following the
learning of novel categories in both tactile and visual modalities.
By utilizing novel 3D digital objects within a VR environment,
along with 3D-printed versions of similar objects, we aimed
to create a learning experience that closely mimics real-world
interactions. Our results demonstrated significant changes in
functional connectivity within the PFN, with increased connec-
tivity between the FPN and the left frontal gyrus during visual

category learning, and distinct connectivity patterns emerging
in the FPN following tactile category learning. This work ad-
vances our understanding of the neural mechanisms underlying
category learning across sensory modalities and highlights the
adaptability of RSNs in response to new learning experiences.

4.1 | 3D Environment

In this study, our focus was on investigating the plasticity in-
duced by category learning in RSN, utilizing both visual and
tactile sensory modalities using 3D objects. To achieve this,
we collected rs-fMRI data both before and following 3D shape
category learning training sessions. Previous studies have
demonstrated that human perception of familiar objects is in-
fluenced by higher-order cognitive functions, including mem-
ory (Amedi et al. 2002; Metzger and Drewing 2019; Norman
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work, represented in multiple colors.

et al. 2008) and prior knowledge of objects to integrate sensory
systems (Ernst and Biilthoff 2004). To eliminate memory in-
volvement during the learning process, we generated a distinct
collection of novel and naturalistic 3D objects using a VP algo-
rithm known as “digital embryos” (Hauffen et al. 2012) to sim-
ulate learning of unknown categories. One goal of this study
was to eliminate the experimenter's influence and minimize
tactile influences during active visual exploration to create a
more realistic environment where participants may interact
with the learning 3D object categories. Furthermore, neuro-
imaging studies have shown that cortical mechanisms for 3D
shape processing differ between vision and touch, whereas
the cortical mechanisms for 2D form are similar (Hsiao 2008).
To address these goals, the visual experiment made use of VR
technology, which allowed for active and unrestricted visual
exploration in the absence of further tactile input. In the tac-
tile experiment, individuals were blindfolded and used 3D
plastic printouts to examine identical things.

4.2 | Flexibility of the FPN During Visual
and Tactile Category Learning

Our results highlight the fact that category learning is not
only capable of reshaping RSNs but that the particular sensory

modality used in the learning process also has a unique effect
on resting-state functional connectivity. The development of
the right FPN toward the left SFG is associated with the learn-
ing of visual categories. On the other hand, tactile category
learning is linked to the expansion of the right FPN to the left
middle temporal gyrus and the right superior occipital gyrus.
These findings provide compelling support for the flexible hub
theory of FPN (Cole et al. 2012; Cole, Reynolds, et al. 2013;
Cole, Laurent, and Stocco 2013; Miller and Cohen 2001; Zanto
and Gazzaley 2013). The flexibility hub theory of FPN suggests
that the human capacity to adaptively perform a wide range of
tasks is primarily driven by the operation of this network. The
FPN can rapidly configure its global functional connections
with other brain networks based on task demands. The im-
pact of category learning using both visual and tactile sensory
modalities highlights the remarkable plasticity inherent in the
FPN. This flexible reconfiguration is crucial for integrating in-
formation from various sources and coordinating appropriate
responses, making the FPN a central player in goal-directed
behavior and cognitive flexibility (Cole, Reynolds, et al. 2013;
Zanto and Gazzaley 2013). Furthermore, the identified pat-
terns of connectivity within the FPN play a crucial function as
a code that may be transferred to facilitate the acquisition of
proficiency in novel tasks. This suggests that the plasticity of
FPN is a fundamental mechanism that allows the network to

10 of 19

Human Brain Mapping, 2024



(3]
Q
£
o
—
[t
w
o

FIGURE 7 | Dual-regression results depicting induced changes in
the frontoparietal RSN following visual category learning. The dual-
regression input RSN is represented by the red-yellow color gradient,
while the dual-regression outcomes are represented by the blue hue.
Blue-highlighted regions correspond to individual differences in visual
categorization learning and show increased connectivity around the left
superior frontal lobe. Subject-specific functional connectivity parame-
ters (PE) were plotted next to the dual-regression result. IC 3 network is
correlated with reference frontoparietal network.

efficiently encode, and process information linked to various
task demands.

4.3 | Visual Category Learning

Increased coupling between the right FPN and the left SFG
on visual category learning task is consistent with findings
showing FPN changes associated with complex cognitive pro-
cesses, including categorization, working memory, attention,
and episodic memory retrieval (Buzsaki and Draguhn 2004;
Fox et al. 2006; Martinez et al. 2013). The role of the fron-
tal cortex in maintaining and implementing categorization
rules (Antzoulatos and Miller 2011; Freedman et al. 2001;
Muhammad, Wallis, and Miller 2006) and the parietal cor-
tex in integrating category information with motor responses
(Freedman and Assad 2006; Freedman and Assad 20009;
Swaminathan and Freedman 2012) are both evidence for this
finding. Furthermore, our discovery is in line with Braunlich
et al.'s research emphasizing the critical role of the FPN in cat-
egorization and visual feature processing (Braunlich, Gomez-
Lavin, and Seger 2015). Nevertheless, the impact of left SFG
lesions on cognition (Boisgueheneuc et al. 2006) and the di-
verse roles of the SFG associated with different networks (Li
et al. 2013), suggest the SFG's contribution to higher cognitive
functions. All these studies support the observed heightened
connection between the FPN and the left SFG during visual

category learning as a higher cognitive function in the current
investigation.

4.4 | Tactile Category Learning

The tactile category learning task revealed significant associa-
tions with variations in somatomotor RSN and FPN. Specifically,
the FPN showed higher co-activation in the left MTG, right su-
perior occipital gyrus extended to the precuneus cortex, whereas
the left parahippocampus showed enhanced co-activation in the
somatomotor RSN.

A recent study emphasized the crucial role of the MTG in
the creative concept generation process, emphasizing its in-
volvement in recognizing novelty features and forming new
associations during novelty processing (Ren et al. 2020).
Additionally, evidence indicates that the MTG is involved in
the formation of new semantic associations, inhibiting the
default interpretation of a task-relevant semantic notion, and
searching for distinct semantic associations (Davey et al. 2016;
Jung-Beeman 2005; Whitney et al. 2011). The occipital cortex
exhibits remarkable adaptability by extending its functional
repertoire to encompass a broader range of sensory modalities.
Contrary to its historical designation as a visual center, recent
research has unveiled the cortex's capacity to process diverse
sensory information, such as tactile and auditory stimuli, par-
ticularly after prolonged visual deprivation (Jiao et al. 2023;
Sathian 2005; Schroeder and Foxe 2005; Silva et al. 2018). The
neuroplasticity observed in the occipital cortex underscores
the dynamic nature of the brain, emphasizing its capacity to
reorganize and optimize functionality in response to altered
sensory input. The precuneus, an integral component of the
DMN, has been characterized in prior research as a multisen-
sory operator with a specialization in spatial processing (Reed,
Klatzky, and Halgren 2005; Renier et al. 2009). Concurrently,
the superior parietal regions play a key role in converting
sensory inputs into a unified coordinate system, facilitat-
ing multimodal spatial processing (Creem and Proffitt 2001;
Goodale and Milner 1992; Reed, Klatzky, and Halgren 2005;
Saadon-Grosman, Arzy, and Loewenstein 2020). The FPN,
on the other hand, is involved in mediating higher-order cog-
nitive activities such as categorization and decision-making
by transforming sensory information into action (Braunlich,
Gomez-Lavin, and Seger 2015). Frontal areas, which are
known for establishing and enforcing categorization rules,
have been linked to cognitive ability (Antzoulatos and
Miller 2011; Freedman et al. 2001; Muhammad, Wallis, and
Miller 2006). Speculatively, the increased co-activation of the
FPN in the MTG and right superior occipital gyrus extended
to the precuneus cortex may arise from the formation of new
memories related to tactile novel information through novel
semantic associations and retrieval of acquired memory, facil-
itating novel object categorization.

The perceptual motion system, which is located in the pre/post-
central gyrus, is likely a key area in processing action-related
information, involving mental manipulation of spatial represen-
tations of tools or objects, particularly when using the right hand
(Binkofski et al. 1999; Johnson-Frey 2004; Martin et al. 1996;
Rumiati et al. 2005). Furthermore, the parahippocampal
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FIGURE 8 | Dual-regression analysis illustrating tactile category learning effects. The dual-regression input RSN is represented by the red-yellow

color scale, while the dual-regression outputs are represented by the blue hue. The blue highlights correspond to regions where tactile category learn-

ing varies among individuals. Increased connectivity was placed (A) left middle temporal gyrus, (B) in the right superior occipital gyrus extending

into the precuneus cortex, and (C) the left parahippocampus. Subject-specific functional connectivity parameters (PE) are presented alongside each

dual-regression result. IC 20 and IC 2 networks were correlated with reference frontoparietal and somatomotor networks, respectively.

cortex is important for mental stimulation and prospective coding
(Bellmund et al. 2016). Recent insights from Barnett et al. (2021)
further, highlight a connection between the somatomotor RSN
and the parahippocampal cortex. Additionally, there is strong ev-
idence that the parahippocampal cortex is involved in tactile in-
formation processing (Pereira et al. 2007) and plays an important

role in forming new concepts (Mack, Love, and Preston 2018). Our
results suggest a potential link between the left parahippocampus
and somatomotor RSN, indicative of its role in learning and pro-
cessing tactile information, as well as mental manipulation of the
spatial representation of 3Dobjects, which is essential for the com-
plex task of categorizing novel tactile objects.
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relationship between parameter estimates extracted from voxels in the (A) right superior occipital gyrus extending into the precuneus cortex, (B) left

middle temporal gyrus, and (C) left parahippocampus, plotted against each participant's learning metric during the tactile category learning task.

Panel (D) shows the correlation of parameter estimates from voxels in the left superior frontal lobe with each participant's learning metric during the

visual category learning task. The learning metric, derived from the slope of a linear regression fitted to behavioral performance data across sessions,

represents the rate of learning improvement for both visual and tactile category learning experiments.

TABLE 1 | Summarized dual regression results. This table provides the center of each cluster for anatomical localization. The p-values of TFCE

were corrected for multiple comparisons using Bonferroni correction.

Center of cluster p Cluster size (voxels)
Task IC X Y Z TFCE,_ . .ced 2mm?3
Visual 3 —24 -2 63 0.038 58
Haptic 2 —24 =33 -16 0.042 43
20 —64 —41 3 0.028 53
20 35 =77 41 0.021 106
Visual > Haptic 1 52 -67 34 0.039 40
10 31 22 44 0.031 55
12 13 -50 8 0.037 73
Visual < Haptic 15 31 —44 =30 0.043 40
23 -6 —43 -25 0.031 45

5 | Impact of Sensory Modalities on Functional
Connectivities

We explored whether post-learning modifications in RSN con-
nectivities were dependent on the sensory modalities. To this
end, we used the dual-regression approach (unpaired ¢ test) to
compare functional connectivity patterns between individuals
who had been trained on tactile and visual category learning at

post-learning sessions. The findings indicated that distinct areas
of the brain were involved in visual and tactile category learn-
ing (Figure 10). In particular, increased coupling of the right
posterior cingulate with the visual network is consistent with
studies indicating that learning increases connectivity within
relevant brain networks (Guidotti et al. 2015). This implies that
the brain's spontaneous activity can represent task-relevant
information even during rest. Additionally, the somatomotor
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| Dual-regression results unveil the role of sensory modality in shaping functional connectivity during category learning. (A) Dual-

regression analyses reveal that visual categorization leads to varying three RSNs. The right angular gyrus with IC 1, the right middle frontal gyrus

with IC 10, and the right posterior cingulate gyrus and cerebellum with IC 12 demonstrated stronger activity in the visual category learning task.

(B) The results also revealed that the anterior part of the cerebellum, coactivating with IC 15 and IC 23, exhibited significantly higher activity in the

tactile category learning task. Subject-specific functional connectivity parameters (PE) are presented alongside each dual-regression result. ICs 1 and

23, default network; IC 10, somatomotor network; IC 12, visual network; IC 15, cerebellar network.

network's engagement may be attributed to the integration of
visual and motor processes during learning since participants
were required to explore 3D virtual objects using a joystick
and move their hands around (Guidotti et al. 2015; Zhou and
Fuster 2000). The right angular gyrus, a key node in the DMN, is
known to play an important role in integrating visual informa-
tion with semantic knowledge, which is crucial for visual cate-
gory learning (Kuhnke et al. 2023).

The cerebellum is well-known for its involvement in motor
regulation and coordination, but it also contributes signifi-
cantly to sensory processing and cognitive functions (Jacobi
et al. 2021). During tactile category learning, the cerebellum
helps in processing and integration of tactile information, which
is essential for learning new tactile categories. The cerebellum'’s
role in tactile learning reflects its ability to facilitate sensory

discrimination and the integration of sensory inputs with motor
responses (Albert, Robertson, and Miall 2009; Niu et al. 2021).
The increased connection with the DMN suggests that tactile
learning may engage cognitive processes linked to the integra-
tion and consolidation of new tactile information.

Our data showed massive changes in specific networks fol-
lowing tactile and visual learning. Similarly, huge changes in
network connectivity can also be expected following acquired
blindness or severe motor deficits. This will almost certainly
create different baseline conditions compared to the groups of
healthy individuals we studied here. Furthermore, many stud-
ies showed changes in cross-modal learning in groups of blind
individuals (Park and Fine 2024; Tao et al. 2017). Therefore, our
data might imply major implications for understanding cate-
gory learning in people with blindness or severe motor deficits.
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However, further studies are needed using our particular ap-
proach to clarify the specific outcome differences in specific
subgroups of individuals.

Several issues remain to be addressed in the future. Our study
focused exclusively on visual and tactile modalities, which may
not fully capture the effects of other sensory modalities such as
auditory or olfactory. Future research should explore how these
additional modalities influence category learning and resting-
state changes to provide a more comprehensive understanding
of sensory processing and neural adaptation. Additionally, our
study did not track changes over an extended period, limiting
our understanding of how neural changes evolve over time
during category learning and whether these changes in RSNs
can lead to sustained improvements in category learning and
sensory processing in the long term. This necessitates recording
brain activity during the training phase, which requires further
investigation. Moreover, we only focused on unimodal learning;
it would be interesting to investigate the effects of cross-modal
learning on RSN, considering that tactile and visual modalities
are often used interchangeably in daily life. In terms of data pro-
cessing, the BOLD signals of all sessions were filtered into the
frequency range of 0.009-0.1 Hz in the current study. However,
future research should consider time-scale or frequency-specific
brain functional networks across sequential behavioral states to
provide deeper insights into the neural mechanisms underlying
category learning.

6 | Conclusions

In this study, we explored the complex dynamics of resting-state
functional connectivity and its plasticity during the acquisition
of novel categories in both visual and tactile sensory modalities
using 3D objects. Our main goal was to bridge the gap between
controlled laboratory experiments and the applicability of our
findings to real-world perceptual learning. Although the 3D
objects used in this study do not exist in the real world, they
were intentionally designed as entirely new shapes unfamiliar
to participants. This approach minimized the influence of prior
experience or memory, allowing us to study category learning
in a purely novel context. By examining how the brain adapts
to the multidimensional nature of unfamiliar objects, we gained
valuable insights into the neural mechanisms of learning. These
findings add an important dimension to our understanding of
the brain's adaptive processes in recognizing and categoriz-
ing objects in complex, real-world environments. The results
shed light on the brain's FPN flexibility, revealing distinct con-
nectivity patterns during visual and tactile category learning
tasks. Support for the FPN's flexible hub theory emphasizes its
dynamic reconfiguration in mediating higher-order cognitive
tasks. This study sheds light on the intricate interplay between
sensory modalities and brain networks, enriching our under-
standing of how the brain navigates the complexities of learning
in diverse perceptual domains by providing valuable insights
into the neural mechanisms underlying category learning.

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The data that support the findings of this study are available from the
corresponding author upon reasonable request.

References

Albert, N. B., E. M. Robertson, and R. C. Miall. 2009. “The Resting
Human Brain and Motor Learning.” Current Biology 19: 1023-1027.

Amedi, A., G. Jacobson, T. Hendler, R. Malach, and E. Zohary. 2002.
“Convergence of Visual and Tactile Shape Processing in the Human
Lateral Occipital Complex Zohary.” Cerebral Cortex 12: 1202-1212.
https://pubmed.ncbi.nlm.nih.gov/12379608/.

Antzoulatos, E. G., and E. K. Miller. 2011. “Differences Between Neural
Activity in Prefrontal Cortex and Striatum During Learning of Novel
Abstract Categories.” Neuron 71: 243-249. https://pubmed.ncbi.nlm.
nih.gov/21791284/.

Barnes, A., E. T. Bullmore, and J. Suckling. 2009. “Endogenous Human
Brain Dynamics Recover Slowly Following Cognitive Effort.” PLoS One
4. https://pubmed.ncbi.nlm.nih.gov/19680553/: €6626.

Barnett, A. J., W. Reilly, H. R. Dimsdale-Zucker, E. Mizrak, Z. Reagh,
and C. Ranganath. 2021. “Intrinsic Connectivity Reveals Functionally
Distinct Cortico-Hippocampal Networks in the Human Brain.” PLoS
Biology 19: e3001275. https://journals.plos.org/plosbiology/arti-
cle?id=10.1371/journal.pbio.3001275.

Beckmann, C., C. Mackay, N. Filippini, and S. Smith. 2009. “Group
Comparison of Resting-State FMRI Data Using Multi-Subject ICA and
Dual Regression.” NeuroImage 47: S148.

Beckmann, C. F., M. DeLuca, J. T. Devlin, and S. M. Smith. 2005.
“Investigations Into Resting-State Connectivity Using Independent
Component Analysis.” Philosophical Transactions of the Royal Society,
B: Biological Sciences 360: 1001-1013.

Beckmann, C. F.,, and S. M. Smith. 2004. “Probabilistic Independent
Component Analysis for Functional Magnetic Resonance Imaging.”
IEEE Transactions on Medical Imaging 23: 137-152. https://pubmed.
ncbi.nlm.nih.gov/14964560/.

Bellmund, J. L. S., L. Deuker, T. N. Schroder, and C. F. Doeller. 2016.
“Grid-Cell Representations in Mental Simulation.” eLife 5: €17089.

Bernard, J. A., R. D. Seidler, K. M. Hassevoort, et al. 2012. “Resting State
Cortico-Cerebellar Functional Connectivity Networks: A Comparison
of Anatomical and Self-Organizing Map Approaches.” Frontiers in
Neuroanatomy 6: 27427.

Binkofski, F., G. Buccino, S. Posse, R. J. Seitz, G. Rizzolatti, and H. J.
Freund. 1999. “A Fronto-Parietal Circuit for Object Manipulation in
Man: Evidence From an fMRI-Study.” European Journal of Neuroscience
11: 3276-3286. https://pubmed.ncbi.nlm.nih.gov/10510191/.

Biswal, B., F. Zerrin Yetkin, V. M. Haughton, and J. S. Hyde. 1995.
“Functional Connectivity in the Motor Cortex of Resting Human Brain
Using Echo-Planar Mri.” Magnetic Resonance in Medicine 34: 537-541.
https://pubmed.ncbi.nlm.nih.gov/8524021/.

Boisgueheneuc, F. D., R. Levy, E. Volle, et al. 2006. “Functions of the
Left Superior Frontal Gyrus in Humans: A Lesion Study.” Brain 129:
3315-3328. https://pubmed.ncbi.nlm.nih.gov/16984899/.

Bougou, V., M. Vanhoyland, A. Bertrand, et al. 2024. “Neuronal Tuning
and Population Representations of Shape and Category in Human
Visual Cortex.” Nature Communications 15: 1-15. https://www.nature.
com/articles/s41467-024-49078-3.

Brady, M. J., and D. Kersten. 2003. “Bootstrapped Learning of Novel
Objects.” Journal of Vision 3: 413-422. https://pubmed.ncbi.nlm.nih.
gov/12901712/.

Braunlich, K., J. Gomez-Lavin, and C. A. Seger. 2015. “Frontoparietal
Networks Involved in Categorization and Item Working Memory.”
NeuroImage 107: 146-162. https://pubmed.ncbi.nlm.nih.gov/25482265/.

150f 19


https://pubmed.ncbi.nlm.nih.gov/12379608/
https://pubmed.ncbi.nlm.nih.gov/21791284/
https://pubmed.ncbi.nlm.nih.gov/21791284/
https://pubmed.ncbi.nlm.nih.gov/19680553/
https://journals.plos.org/plosbiology/article?id=10.1371/journal.pbio.3001275
https://journals.plos.org/plosbiology/article?id=10.1371/journal.pbio.3001275
https://pubmed.ncbi.nlm.nih.gov/14964560/
https://pubmed.ncbi.nlm.nih.gov/14964560/
https://pubmed.ncbi.nlm.nih.gov/10510191/
https://pubmed.ncbi.nlm.nih.gov/8524021/
https://pubmed.ncbi.nlm.nih.gov/16984899/
https://www.nature.com/articles/s41467-024-49078-3
https://www.nature.com/articles/s41467-024-49078-3
https://pubmed.ncbi.nlm.nih.gov/12901712/
https://pubmed.ncbi.nlm.nih.gov/12901712/
https://pubmed.ncbi.nlm.nih.gov/25482265/

Broadbent, H. J., T. Osborne, M. Rea, A. Peng, D. Mareschal, and N.
Z. Kirkham. 2018. “Incidental Category Learning and Cognitive Load
in a Multisensory Environment Across Childhood.” Developmental
Psychology 54: 1020-1028.

Buzsdki, G., and A. Draguhn. 2004. “Neuronal Oscillations in Cortical
Networks.” Science 304, no. 5679: 1926-1929. https://pubmed.ncbi.nlm.
nih.gov/15218136/.

Chapman, C. E., F. Tremblay, W. Jiang, L. Belingard, and E. M. Meftah.
2002. “Central Neural Mechanisms Contributing to the Perception of
Tactile Roughness.” Behavioural Brain Research 135: 225-233. https://
doi.org/10.1016/s0166-4328(02)00168-7.

Cole, M. W., P. Laurent, and A. Stocco. 2013. “Rapid Instructed Task
Learning: A New Window Into the Human Brain's Unique Capacity
for Flexible Cognitive Control.” Cognitive, Affective, & Behavioral
Neuroscience 13: 1-22. https://doi.org/10.3758/s13415-012-0125-7.

Cole, M. W,, J. R. Reynolds, J. D. Power, G. Repovs, A. Anticevic, and
T. S. Braver. 2013. “Multi-Task Connectivity Reveals Flexible Hubs for
Adaptive Task Control.” Nature Neuroscience 16: 1348-1355. https://
pubmed.ncbi.nlm.nih.gov/23892552/.

Cole, M. W,, T. Yarkoni, G. Repovs, A. Anticevic, and T. S. Braver. 2012.
“Global Connectivity of Prefrontal Cortex Predicts Cognitive Control
and Intelligence.” Journal of Neuroscience 32: 8988-8999. https://
pubmed.ncbi.nlm.nih.gov/22745498/.

Creem, S. H., and D. R. Proffitt. 2001. “Defining the Cortical Visual
Systems: “What”, “Where”, and “How”.” Acta Psychologica 107: 43-68.

Daliri, M. R., and M. Behroozi. 2013. “Advantages and Disadvantages
of Resting State Functional Connectivity Magnetic Resonance Imaging
for Clinical Applications.” OMICS Journal of Radiology 3: €123. https://
www.omicsonline.org/open-access/advantages-and-disadvantages-of-
resting-state-functional-connectivity-magnetic-resonance-imaging-
for-clinical-applications-2167-7964.1000e123.php?aid=21969.

Damoiseaux, J. S., S. A. R. B. Rombouts, F. Barkhof, et al. 2006.
“Consistent Resting-State Networks Across Healthy Subjects.”
Proceedings of the National Academy of Sciences of the United States of
America 103: 13848-13853. https://doi.org/10.1073/pnas.0601417103.

Davey, J., H. E. Thompson, G. Hallam, et al. 2016. “Exploring the
Role of the Posterior Middle Temporal Gyrus in Semantic Cognition:
Integration of Anterior Temporal Lobe With Executive Processes.”
Neurolmage 137:165-177.

De Luca, M., S. Smith, N. De Stefano, A. Federico, and P. M. Matthews.
2005. “Blood Oxygenation Level Dependent Contrast Resting State
Networks Are Relevant to Functional Activity in the Neocortical
Sensorimotor System.” Experimental Brain Research 167: 587-594.
https://pubmed.ncbi.nlm.nih.gov/16284751/.

DeGutis, J.,and M. D'Esposito. 2009. “Network Changesin the Transition
From Initial Learning to Well-Practiced Visual Categorization.”
Frontiers in Human Neuroscience 3: 749. https://www.frontiersin.org/.

Dérfel, D., A. Girtner, and C. Scheffel. 2020. “Resting State Cortico-
Limbic Functional Connectivity and Dispositional Use of Emotion
Regulation Strategies: A Replication and Extension Study.” Frontiers
in Behavioral Neuroscience 14: 128. https://doi.org/10.3389/fnbeh.2020.
00128.

Erdogan, G., Q. Chen, F. E. Garcea, B. Z. Mahon, and R. A. Jacobs. 2016.
“Multisensory Part-Based Representations of Objects in Human Lateral
Occipital Cortex.” Journal of Cognitive Neuroscience 28: 869-881.
https://doi.org/10.1162/jocn_a_00937.

Erdogan, G., I. Yildirim, and R. A. Jacobs. 2015. “From Sensory Signals
to Modality-Independent Conceptual Representations: A Probabilistic
Language of Thought Approach.” PLoS Computational Biology 11:
€1004610. https://doi.org/10.1371/journal.pcbi.1004610.

Ernst, M. O., and H. H. Biilthoff. 2004. “Merging the Senses Into
a Robust Percept.” Trends in Cognitive Sciences 8: 162-169. https://
pubmed.ncbi.nlm.nih.gov/15050512/.

Fox, M. D., M. Corbetta, A. Z. Snyder, J. L. Vincent, and M. E. Raichle.
2006. “Spontaneous Neuronal Activity Distinguishes Human Dorsal
and Ventral Attention Systems.” Proceedings of the National Academy
of Sciences of the United States of America 103: 10046-10051. https://doi.
0rg/10.1073/pnas.0604187103.

Fox, M. D., and M. E. Raichle. 2007. “Spontaneous Fluctuations in Brain
Activity Observed With Functional Magnetic Resonance Imaging.”
Nature Reviews Neuroscience 8: 700-711. https://www.nature.com/artic
les/nrn2201.

Fox, M. D., A. Z. Snyder, J. L. Vincent, M. Corbetta, D. C. Van Essen,
and M. E. Raichle. 2005. “The Human Brain Is Intrinsically Organized
Into Dynamic, Anticorrelated Functional Networks.” Proceedings of
the National Academy of Sciences of the United States of America 102:
9673-9678. https://pubmed.ncbi.nlm.nih.gov/15976020/.

Fransson, P. 2006. “How Default Is the Default Mode of Brain Function?
Further Evidence From Intrinsic BOLD Signal Fluctuations.”
Neuropsychologia 44: 2836-2845. https://pubmed.ncbi.nlm.nih.gov/
16879844/.

Freedman, D. J., and J. A. Assad. 2006. “Experience-Dependent
Representation of Visual Categories in Parietal Cortex.” Nature 443:
85-88. https://pubmed.ncbi.nlm.nih.gov/16936716/.

Freedman, D. J., and J. A. Assad. 2009. “Distinct Encoding of Spatial
and Nonspatial Visual Information in Parietal Cortex.” Journal of
Neuroscience 29: 5671-5680. https://www.jneurosci.org/content/29/
17/5671.

Freedman, D. J., M. Riesenhuber, T. Poggio, and E. K. Miller. 2001.
“Categorical Representation of Visual Stimuli in the Primate Prefrontal
Cortex.” Science 291: 312-316. https://pubmed.ncbi.nlm.nih.gov/
11209083/.

Gaissert, N., and C. Wallraven. 2012. “Categorizing Natural Objects:
A Comparison of the Visual and the Haptic Modalities.” Experimental
Brain Research 216:123-134. https://doi.org/10.1007/s00221-011-2916-4.

Goodale, M. A., and A. D. Milner. 1992. “Separate Visual Pathways for
Perception and Action.” Trends in Neurosciences 15: 20-25.

Greve, D. N., and B. Fischl. 2009. “Accurate and Robust Brain Image
Alignment Using Boundary-Based Registration.” Neurolmage 48: 63—
72. https://pubmed.ncbi.nlm.nih.gov/19573611/.

Guerra-Carrillo, B., A. P. MacKey, and S. A. Bunge. 2014. “Resting-State
fMRI: A Window Into Human Brain Plasticity.” Neuroscientist 20: 522—
533. https://pubmed.ncbi.nlm.nih.gov/24561514/.

Guidotti, R., C. Del Gratta, A. Baldassarre, G. L. Romani, and M.
Corbetta. 2015. “Visual Learning Induces Changes in Resting-State
fMRI Multivariate Pattern of Information.” Journal of Neuroscience 35:
9786-9798. https://pubmed.ncbi.nlm.nih.gov/26156982/.

Hagmann, P., L. Cammoun, X. Gigandet, et al. 2008. “Mapping the
Structural Core of Human Cerebral Cortex.” PLoS Biology 6: 1479-1493.
https://pubmed.ncbi.nlm.nih.gov/18597554/.

Hampson, M., I. R. Olson, H. C. Leung, P. Skudlarski, and J. C. Gore.
2004. “Changes in Functional Connectivity of Human MT/V5 With
Visual Motion Input.” Neuroreport 15: 1315-1319. https://pubmed.ncbi.
nlm.nih.gov/15167557/.

Hauffen, K., E. Bart, M. Brady, D. Kersten, and J. Hegdé. 2012. “Creating
Objects and Object Categories for Studying Perception and Perceptual
Learning.” Journal of Visualized Experiments 69: 3358. https://doi.org/
10.3791/3358.

Hernandez-Pérez, R., L. V. Cuaya, E. Rojas-Hortelano, A. Reyes-
Aguilar, L. Concha, and V. de Lafuente. 2017. “Tactile Object Categories
Can Be Decoded From the Parietal and Lateral-Occipital Cortices.”
Neuroscience 352: 226-235.

Hsiao, S. 2008. “Central Mechanisms of Tactile Shape Perception.
Current Opinion in Neurobiology.” Current Opinion in Neurobiology 18:
418-424. https://pubmed.ncbi.nlm.nih.gov/18809491/.

16 of 19

Human Brain Mapping, 2024


https://pubmed.ncbi.nlm.nih.gov/15218136/
https://pubmed.ncbi.nlm.nih.gov/15218136/
https://doi.org/10.1016/s0166-4328(02)00168-7
https://doi.org/10.1016/s0166-4328(02)00168-7
https://doi.org/10.3758/s13415-012-0125-7
https://pubmed.ncbi.nlm.nih.gov/23892552/
https://pubmed.ncbi.nlm.nih.gov/23892552/
https://pubmed.ncbi.nlm.nih.gov/22745498/
https://pubmed.ncbi.nlm.nih.gov/22745498/
https://www.omicsonline.org/open-access/advantages-and-disadvantages-of-resting-state-functional-connectivity-magnetic-resonance-imaging-for-clinical-applications-2167-7964.1000e123.php?aid=21969
https://www.omicsonline.org/open-access/advantages-and-disadvantages-of-resting-state-functional-connectivity-magnetic-resonance-imaging-for-clinical-applications-2167-7964.1000e123.php?aid=21969
https://www.omicsonline.org/open-access/advantages-and-disadvantages-of-resting-state-functional-connectivity-magnetic-resonance-imaging-for-clinical-applications-2167-7964.1000e123.php?aid=21969
https://www.omicsonline.org/open-access/advantages-and-disadvantages-of-resting-state-functional-connectivity-magnetic-resonance-imaging-for-clinical-applications-2167-7964.1000e123.php?aid=21969
https://doi.org/10.1073/pnas.0601417103
https://pubmed.ncbi.nlm.nih.gov/16284751/
https://www.frontiersin.org/
https://doi.org/10.3389/fnbeh.2020.00128
https://doi.org/10.3389/fnbeh.2020.00128
https://doi.org/10.1162/jocn_a_00937
https://doi.org/10.1371/journal.pcbi.1004610
https://pubmed.ncbi.nlm.nih.gov/15050512/
https://pubmed.ncbi.nlm.nih.gov/15050512/
https://doi.org/10.1073/pnas.0604187103
https://doi.org/10.1073/pnas.0604187103
https://www.nature.com/articles/nrn2201
https://www.nature.com/articles/nrn2201
https://pubmed.ncbi.nlm.nih.gov/15976020/
https://pubmed.ncbi.nlm.nih.gov/16879844/
https://pubmed.ncbi.nlm.nih.gov/16879844/
https://pubmed.ncbi.nlm.nih.gov/16936716/
https://www.jneurosci.org/content/29/17/5671
https://www.jneurosci.org/content/29/17/5671
https://pubmed.ncbi.nlm.nih.gov/11209083/
https://pubmed.ncbi.nlm.nih.gov/11209083/
https://doi.org/10.1007/s00221-011-2916-4
https://pubmed.ncbi.nlm.nih.gov/19573611/
https://pubmed.ncbi.nlm.nih.gov/24561514/
https://pubmed.ncbi.nlm.nih.gov/26156982/
https://pubmed.ncbi.nlm.nih.gov/18597554/
https://pubmed.ncbi.nlm.nih.gov/15167557/
https://pubmed.ncbi.nlm.nih.gov/15167557/
https://doi.org/10.3791/3358
https://doi.org/10.3791/3358
https://pubmed.ncbi.nlm.nih.gov/18809491/

Jacobi, H., J. Faber, D. Timmann, and T. Klockgether. 2021. “Update
Cerebellum and Cognition.” Journal of Neurology 268: 3921-3925.
https://doi.org/10.1007/s00415-021-10486-w.

Jenkinson, M., P. Bannister, M. Brady, and S. Smith. 2002. “Improved
Optimization for the Robust and Accurate Linear Registration and
Motion Correction of Brain Images.” Neurolmage 17, no. 2: 825-841.

Jenkinson, M., C. F. Beckmann, T. E. J. Behrens, M. W. Woolrich, and
S. M. Smith. 2012. “FSL—Review.” NeuroImage 62: 782-790. https://
pubmed.ncbi.nlm.nih.gov/21979382/.

Jiang, X., E. Bradley, R. A. Rini, T. Zeffiro, J. VanMeter, and M.
Riesenhuber. 2007. “Categorization Training Results in Shape- and
Category-Selective Human Neural Plasticity.” Neuron 53: 891-903.

Jiao, S., K. Wang, L. Zhang, Y. Luo, J. Lin, and Z. Han. 2023.
“Developmental Plasticity of the Structural Network of the Occipital
Cortex in Congenital Blindness.” Cerebral Cortex 33: 11526-11540.
https://doi.org/10.1093/cercor/bhad385.

Johnson-Frey, S. H. 2004. “The Neural Bases of Complex Tool Use in
Humans.” Trends in Cognitive Sciences 8: 71-78.

Jolles, D. D., M. A. Van Buchem, E. A. Crone, and S. A. R. B. Rombouts.
2013. “Functional Brain Connectivity at Rest Changes After Working
Memory Training.” Human Brain Mapping 34: 396-406. https://
pubmed.ncbi.nlm.nih.gov/22076823/.

Jung-Beeman, M. 2005. “Bilateral Brain Processes for Comprehending
Natural Language.” Trends in Cognitive Sciences 9: 512-518. http://
www.cell.com/article/S1364661305002718/fulltext.

Kao, C. H., A. N. Khambhati, D. S. Bassett, et al. 2020. “Functional
Brain Network Reconfiguration During Learning in a Dynamic
Environment.” Nature Communications 11: 1682. https://doi.org/10.
1038/s41467-020-15442-2.

Kitada, R.. 2016. “The Brain Network for Haptic Object Recogniton.”
In Pervasive Haptics: Science, Design, and Application, edited by H.
Kajimoto, S. Saga, and M. Konyo, 21-37. Tokyo, Japan: Springer. https://
doi.org/10.1007/978-4-431-55772-2_2.

Klatzky, R. L., S. J. Lederman, and V. A. Metzger. 1985. “Identifying

Objects by Touch: An “Expert System”.” Perception & Psychophysics 37:
299-302. https://doi.org/10.3758/BF03211351.

Kiihn, S., C. G. Forlim, A. Lender, J. Wirtz, and J. Gallinat. 2021. “Brain
Functional Connectivity Differs When Viewing Pictures From Natural
and Built Environments Using fMRI Resting State Analysis.” Scientific
Reports 11: 1-10. https://www.nature.com/articles/s41598-021-83246-5.

Kuhnke, P., C. A. Chapman, V. K. M. Cheung, et al. 2023. “The Role
of the Angular Gyrus in Semantic Cognition: A Synthesis of Five
Functional Neuroimaging Studies.” Brain Structure & Function 228:
273-291. https://doi.org/10.1007/s00429-022-02493-y.

Lacey, S., and K. Sathian. 2014. “Visuo-Haptic Multisensory Object
Recognition, Categorization, and Representation.” Frontiers in
Psychology 5: 730. https://www.frontiersin.org/. https://doi.org/10.
3389/fpsyg.2014.00730.

Lee, M. H., C. D. Smyser, and J. S. Shimony. 2013. “Resting-State fMRI:
A Review of Methods and Clinical Applications.” American Journal
of Neuroradiology 34: 1866-1872. https://www.ajnr.org/content/34/
10/1866.

Lee Masson, H., J. Bulthé, H. P. Op De Beeck, and C. Wallraven. 2016.
“Visual and Haptic Shape Processing in the Human Brain: Unisensory
Processing, Multisensory Convergence, and Top-Down Influences.”
Cerebral Cortex 26: 3402-3412. https://doi.org/10.1093/cercor/bhv170.

Lewis, C. M., A. Baldassarre, G. Committeri, G. L. Romani, and M.
Corbetta. 2009. “Learning Sculpts the Spontaneous Activity of the
Resting Human Brain.” Proceedings of the National Academy of Sciences
of the United States of America 106: 17558-17563. https://pubmed.ncbi.
nlm.nih.gov/19805061/.

Li, W., W. Qin, H. Liu, et al. 2013. “Subregions of the Human Superior
Frontal Gyrus and Their Connections.” Neurolmage 78: 46-58.

Lucan, J.N,,J. J. Foxe, M. Gomez-Ramirez, K. Sathian, and S. Molholm.
2010. “Tactile Shape Discrimination Recruits Human Lateral Occipital
Complex During Early Perceptual Processing.” Human Brain Mapping
31:1813-1821.

Mack, M. L., B. C. Love, and A. R. Preston. 2018. “Building Concepts
One Episode at a Time: The Hippocampus and Concept Formation.”
Neuroscience Letters 680: 31-38.

Mahon, B. Z., and A. Caramazza. 2009. “Concepts and Categories:
A Cognitive Neuropsychological Perspective. Annual Review of
Psychology.” Annual Review of Psychology 60: 27-51. https://pubmed.
ncbi.nlm.nih.gov/18767921/.

Marek, S., and N. U. F. Dosenbach. 2018. “The Frontoparietal Network:
Function, Electrophysiology, and Importance of Individual Precision
Mapping.” Dialogues in Clinical Neuroscience 20: 133-140. https://doi.
0rg/10.31887/DCNS.2018.20.2/smarek.

Martin, A. 2007. “The Representation of Object Concepts in the Brain.”
Annual Review of Psychology 58: 25-45. https://pubmed.ncbi.nlm.nih.
gov/16968210/.

Martin, A., C. L. Wiggs, L. G. Ungerleider, and J. V. Haxby. 1996.
“Neural Correlates of Category-Specific Knowledge.” Nature 379: 649-
652. https://www.nature.com/articles/379649a0.

Martinez, K., A. B. Solana, M. Burgaleta, et al. 2013. “Changes in
Resting-State Functionally Connected Parietofrontal Networks After
Videogame Practice.” Human Brain Mapping 34: 3143-3157. https://doi.
0rg/10.1002/hbm.22129.

Metzger, A., and K. Drewing. 2019. “Memory Influences Haptic
Perception of Softness.” Scientific Reports 9. https://pubmed.ncbi.nlm.
nih.gov/31591427/: 14383.

Miller, E. K., and J. D. Cohen. 2001. “An Integrative Theory of Prefrontal
Cortex Function.” Annual Review of Neuroscience 24: 167-202. https://
pubmed.ncbi.nlm.nih.gov/11283309/.

Muhammad, R., J. D. Wallis, and E. K. Miller. 2006. “A Comparison
of Abstract Rules in the Prefrontal Cortex, Premotor Cortex, Inferior
Temporal Cortex, and Striatum.” Journal of Cognitive Neuroscience 18:
974-989. https://pubmed.ncbi.nlm.nih.gov/16839304/.

Nichols, T. E., and A. P. Holmes. 2002. “Nonparametric Permutation
Tests for Functional Neuroimaging: A Primer With Examples.” Human
Brain Mapping 15: 1-25.

Nickerson, L. D., S. M. Smith, D. Ongiir, and C. F. Beckmann. 2017.
“Using Dual Regression to Investigate Network Shape and Amplitude
in Functional Connectivity Analyses.” Frontiers in Neuroscience 11: 115.
https://doi.org/10.3389/fnins.2017.00115.

Niu, C., A. D. Cohen, X. Wen, et al. 2021. “Modeling Motor Task
Activation From Resting-State fMRI Using Machine Learning in
Individual Subjects.” Brain Imaging and Behavior 15: 122-132. https://
doi.org/10.1007/s11682-019-00239-9.

Norman, J. F., A. M. Clayton, H. F. Norman, and C. E. Crabtree. 2008.
“Learning to Perceive Differences in Solid Shape Through Vision and
Touch.” Perception 37: 185-196. https://pubmed.ncbi.nlm.nih.gov/
18456923/.

O'Bryan, S. R., S. Jung, A. J. Mohan, and M. Scolari. 2024. “Category
Learning Selectively Enhances Representations of Boundary-Adjacent
Exemplars in Early Visual Cortex.” Journal of Neuroscience 44:
€1039232023. https://www.jneurosci.org/content/44/3/e1039232023.

Oldfield, R. C. 1971. “The Assessment and Analysis of Handedness: The
Edinburgh Inventory.” Neuropsychologia 9: 97-113.

Park, W. J., and I. Fine. 2024. “A Unified Model for Cross-Modal
Plasticity and Kill Acquisition.” Frontiers in Neuroscience 18: 1334283.
https://doi.org/10.3389/fnins.2024.1334283.

17 of 19


https://doi.org/10.1007/s00415-021-10486-w
https://pubmed.ncbi.nlm.nih.gov/21979382/
https://pubmed.ncbi.nlm.nih.gov/21979382/
https://doi.org/10.1093/cercor/bhad385
https://pubmed.ncbi.nlm.nih.gov/22076823/
https://pubmed.ncbi.nlm.nih.gov/22076823/
http://www.cell.com/article/S1364661305002718/fulltext
http://www.cell.com/article/S1364661305002718/fulltext
https://doi.org/10.1038/s41467-020-15442-2
https://doi.org/10.1038/s41467-020-15442-2
https://doi.org/10.1007/978-4-431-55772-2_2
https://doi.org/10.1007/978-4-431-55772-2_2
https://doi.org/10.3758/BF03211351
https://www.nature.com/articles/s41598-021-83246-5
https://doi.org/10.1007/s00429-022-02493-y
https://www.frontiersin.org/
https://doi.org/10.3389/fpsyg.2014.00730
https://doi.org/10.3389/fpsyg.2014.00730
https://www.ajnr.org/content/34/10/1866
https://www.ajnr.org/content/34/10/1866
https://doi.org/10.1093/cercor/bhv170
https://pubmed.ncbi.nlm.nih.gov/19805061/
https://pubmed.ncbi.nlm.nih.gov/19805061/
https://pubmed.ncbi.nlm.nih.gov/18767921/
https://pubmed.ncbi.nlm.nih.gov/18767921/
https://doi.org/10.31887/DCNS.2018.20.2/smarek
https://doi.org/10.31887/DCNS.2018.20.2/smarek
https://pubmed.ncbi.nlm.nih.gov/16968210/
https://pubmed.ncbi.nlm.nih.gov/16968210/
https://www.nature.com/articles/379649a0
https://doi.org/10.1002/hbm.22129
https://doi.org/10.1002/hbm.22129
https://pubmed.ncbi.nlm.nih.gov/31591427/
https://pubmed.ncbi.nlm.nih.gov/31591427/
https://pubmed.ncbi.nlm.nih.gov/11283309/
https://pubmed.ncbi.nlm.nih.gov/11283309/
https://pubmed.ncbi.nlm.nih.gov/16839304/
https://doi.org/10.3389/fnins.2017.00115
https://doi.org/10.1007/s11682-019-00239-9
https://doi.org/10.1007/s11682-019-00239-9
https://pubmed.ncbi.nlm.nih.gov/18456923/
https://pubmed.ncbi.nlm.nih.gov/18456923/
https://www.jneurosci.org/content/44/3/e1039232023
https://doi.org/10.3389/fnins.2024.1334283

Pei, Y. C., and S. J. Bensmaia. 2014. “The Neural Basis of Tactile Motion
Perception.” Journal of Neurophysiology 112: 3023-3032. https://doi.
org/10.1152/jn.00391.2014.

Pereira, A., S. Ribeiro, M. Wiest, et al. 2007. “Processing of Tactile
Information by the Hippocampus.” Proceedings of the National Academy
of Sciences of the United States of America 104: 18286-18291. https://doi.
0rg/10.1073/pnas.0708611104.

Power, J. D., A. L. Cohen, S. M. Nelson, et al. 2011. “Functional Network
Organization of the Human Brain.” Neuron 72: 665-678. https://
pubmed.ncbi.nlm.nih.gov/22099467/.

Raichle, M. E. 2015. “The Brain's Default Mode Network.” Annual
Review of Neuroscience 38: 433-447.

Raichle, M. E., A. M. MacLeod, A. Z. Snyder, W. J. Powers, D. A.
Gusnard, and G. L. Shulman. 2001. “A Default Mode of Brain Function.”
Proceedings of the National Academy of Sciences 98: 676—682.

Reed, C. L., R. L. Klatzky, and E. Halgren. 2005. “What vs. Where in
Touch: An fMRI Study.” Neurolmage 25: 718-726. https://pubmed.ncbi.
nlm.nih.gov/15808973/.

Ren,J., F.Huang, Y. Zhou, et al. 2020. “The Function of the Hippocampus
and Middle Temporal Gyrus in Forming New Associations and Concepts
During the Processing of Novelty and Usefulness Features in Creative
Designs.” Neurolmage 214: 116751.

Renier, L. A., I. Anurova, A. G. De Volder, S. Carlson, J. VanMeter,
and J. P. Rauschecker. 2009. “Multisensory Integration of Sounds and
Vibrotactile Stimuli in Processing Streams for “What” and “Where”.”
Journal of Neuroscience 29: 10950-10960. https://pubmed.ncbi.nlm.nih.
gov/19726653/.

Roark, C. L., G. Paulon, A. Sarkar, and B. Chandrasekaran. 2021.
“Comparing Perceptual Category Learning Across Modalities in the
Same Individuals.” Psychonomic Bulletin & Review 28: 898-9009. https://
doi.org/10.3758/s13423-021-01878-0.

Rumiati, R. I., P. H. Weiss, A. Tessari, et al. 2005. “Common and
Differential Neural Mechanisms Supporting Imitation of Meaningful
and Meaningless Actions.” Journal of Cognitive Neuroscience 17: 1420—
1431. https://pubmed.ncbi.nlm.nih.gov/16197695/.

Saadon-Grosman, N., S. Arzy, and Y. Loewenstein. 2020. “Hierarchical
Cortical Gradients in Somatosensory Processing.” Neurolmage 222:
117257.

Saito, D. N., T. Okada, Y. Morita, Y. Yonekura, and N. Sadato. 2003.
“Tactile-Visual Cross-Modal Shape Matching: A Functional MRI
Study.” Cognitive Brain Research 17: 14-25.

Sathian, K. 2005. “Visual Cortical Activity During Tactile Perception in
the Sighted and the Visually Deprived. Developmental Psychobiology.”
Developmental Psychobiology 46: 279-286. https://pubmed.ncbi.nlm.
nih.gov/15772968/.

Sathian, K. 2016. “Analysis of Haptic Information in the Cerebral
Cortex.” Journal of Neurophysiology 116: 1795-1806. https://doi.org/10.
1152/jn.00546.2015.

Schlaffke, L., L. Schweizer, N. N. Riither, et al. 2017. “Dynamic Changes
of Resting State Connectivity Related to the Acquisition of a Lexico-
Semantic Skill.” Neurolmage 146: 429-437. https://pubmed.ncbi.nlm.
nih.gov/27592812/.

Schroeder, C. E., and J. Foxe. 2005. “Multisensory Contributions to
Low-Level, “Unisensory” Processing.” Current Opinion in Neurobiology
15: 454-458. https://pubmed.ncbi.nlm.nih.gov/16019202/.

Seger, C. A., and E. K. Miller. 2010. “Category Learning in the Brain.”
Annual Review of Neuroscience 33: 203-219. https://doi.org/10.1146/
annurev.neuro.051508.135546.

Silva, P. R., T. Farias, F. Cascio, et al. 2018. “Neuroplasticity in Visual
Impairments.” Neurology International 10: 7326. https://doi.org/10.
4081/ni.2018.7326.

Sinclair, R. J., and H. Burton. 1991. “Neuronal Activity in the Primary
Somatosensory Cortex in Monkeys (Macaca mulatta) During Active
Touch of Textured Surface Gratings: Responses to Groove Width,
Applied Force, and Velocity of Motion.” Journal of Neurophysiology 66:
153-169. https://doi.org/10.1152/jn.1991.66.1.153.

Stevens, W. D., R. L. Buckner, and D. L. Schacter. 2010. “Correlated
Low-Frequency BOLD Fluctuations in the Resting Human Brain Are
Modulated by Recent Experience in Category-Preferential Visual
Regions.” Cerebral Cortex 20: 1997-2006. https://doi.org/10.1093/cer-
cor/bhp270.

Stilla, R., and K. Sathian. 2008. “Selective Visuo-Haptic Processing of
Shape and Texture.” Human Brain Mapping 29: 1123-1138.

Sun, F. T., L. M. Miller, A. A. Rao, and M. D'Esposito. 2007. “Functional
Connectivity of Cortical Networks Involved in Bimanual Motor
Sequence Learning.” Cerebral Cortex 17: 1227-1234. https://doi.org/10.
1093/cercor/bh1033.

Swaminathan, S. K., and D. J. Freedman. 2012. “Preferential Encoding
of Visual Categories in Parietal Cortex Compared With Prefrontal
Cortex.” Nature Neuroscience 15: 315-320. https://pubmed.ncbi.nlm.
nih.gov/22246435/.

Tabrik, S., M. Behroozi, L. Schlaffke, et al. 2021. “Visual and Tactile
Sensory Systems Share Common Features in Object Recognition.”
eNeuro 8: ENEU21.2021. https://www.eneuro.org/content/8/5/
ENEURO.0101-21.2021.

Tao, Q., C. C. H. Chan, Y. J. Luo, et al. 2017. “Prior Visual Experience
Modulates Learning of Sound Localization Among Blind Individuals.”
Brain Topography 30, no. 3: 364-379. https://doi.org/10.1007/s1054
8-017-0549-z.

Vahdat, S., M. Darainy, T. E. Milner, and D. J. Ostry. 2011. “Functionally
Specific Changes in Resting-State Sensorimotor Networks After Motor
Learning.” Journal of Neuroscience 31: 16907-16915. https://www.jneur
osci.org/content/31/47/16907.

Vahdat, S., M. Darainy, and D. J. Ostry. 2014. “Structure of Plasticity
in Human Sensory and Motor Networks due to Perceptual Learning.”
Journal of Neuroscience 34: 2451-2463. https://www.jneurosci.org/
content/34/7/2451.

Van Den Heuvel, M. P,, R. C. W. Mand]l, R. S. Kahn, and H. E. Hulshoff
Pol. 2009. “Functionally Linked Resting-State Networks Reflect the
Underlying Structural Connectivity Architecture of the Human Brain.”
Human Brain Mapping 30: 3127-3141. https://doi.org/10.1002/hbm.
20737.

Vincent, J. L., G. H. Patel, M. D. Fox, et al. 2007. “Intrinsic Functional
Architecture in the Anaesthetized Monkey Brain.” Nature 447: 83-86.
https://pubmed.ncbi.nlm.nih.gov/17476267/.

Vossel, S., J. J. Geng, and G. R. Fink. 2014. “Dorsal and Ventral
Attention Systems: Distinct Neural Circuits but Collaborative Roles.”
Neuroscientist 20: 150-159. https://doi.org/10.1177/1073858413494269.

Waites, A. B., A. Stanislavsky, D. F. Abbott, and G. D. Jackson. 2005.
“Effect of Prior Cognitive State on Resting State Networks Measured
With Functional Connectivity.” Human Brain Mapping 24: 59-68.
https://pubmed.ncbi.nlm.nih.gov/15382248/.

Weisberg, J., M. Van Turennout, and A. Martin. 2007. “A Neural System
for Learning About Object Function.” Cerebral Cortex 17: 513-521.
https://doi.org/10.1093/cercor/bhj176.

Whitney, C., M. Kirk, J. O'Sullivan, M. A. Lambon Ralph, and E.
Jefferies. 2011. “The Neural Organization of Semantic Control: TMS
Evidence for a Distributed Network in Left Inferior Frontal and
Posterior Middle Temporal Gyrus.” Cerebral Cortex 21: 1066-1075.
https://doi.org/10.1093/cercor/bhq180.

Yeo, B. T., F. M. Krienen, J. Sepulcre, et al. 2011. “The Organization
of the Human Cerebral Cortex Estimated by Intrinsic Functional

18 of 19

Human Brain Mapping, 2024


https://doi.org/10.1152/jn.00391.2014
https://doi.org/10.1152/jn.00391.2014
https://doi.org/10.1073/pnas.0708611104
https://doi.org/10.1073/pnas.0708611104
https://pubmed.ncbi.nlm.nih.gov/22099467/
https://pubmed.ncbi.nlm.nih.gov/22099467/
https://pubmed.ncbi.nlm.nih.gov/15808973/
https://pubmed.ncbi.nlm.nih.gov/15808973/
https://pubmed.ncbi.nlm.nih.gov/19726653/
https://pubmed.ncbi.nlm.nih.gov/19726653/
https://doi.org/10.3758/s13423-021-01878-0
https://doi.org/10.3758/s13423-021-01878-0
https://pubmed.ncbi.nlm.nih.gov/16197695/
https://pubmed.ncbi.nlm.nih.gov/15772968/
https://pubmed.ncbi.nlm.nih.gov/15772968/
https://doi.org/10.1152/jn.00546.2015
https://doi.org/10.1152/jn.00546.2015
https://pubmed.ncbi.nlm.nih.gov/27592812/
https://pubmed.ncbi.nlm.nih.gov/27592812/
https://pubmed.ncbi.nlm.nih.gov/16019202/
https://doi.org/10.1146/annurev.neuro.051508.135546
https://doi.org/10.1146/annurev.neuro.051508.135546
https://doi.org/10.4081/ni.2018.7326
https://doi.org/10.4081/ni.2018.7326
https://doi.org/10.1152/jn.1991.66.1.153
https://doi.org/10.1093/cercor/bhp270
https://doi.org/10.1093/cercor/bhp270
https://doi.org/10.1093/cercor/bhl033
https://doi.org/10.1093/cercor/bhl033
https://pubmed.ncbi.nlm.nih.gov/22246435/
https://pubmed.ncbi.nlm.nih.gov/22246435/
https://www.eneuro.org/content/8/5/ENEURO.0101-21.2021
https://www.eneuro.org/content/8/5/ENEURO.0101-21.2021
https://doi.org/10.1007/s10548-017-0549-z
https://doi.org/10.1007/s10548-017-0549-z
https://www.jneurosci.org/content/31/47/16907
https://www.jneurosci.org/content/31/47/16907
https://www.jneurosci.org/content/34/7/2451
https://www.jneurosci.org/content/34/7/2451
https://doi.org/10.1002/hbm.20737
https://doi.org/10.1002/hbm.20737
https://pubmed.ncbi.nlm.nih.gov/17476267/
https://doi.org/10.1177/1073858413494269
https://pubmed.ncbi.nlm.nih.gov/15382248/
https://doi.org/10.1093/cercor/bhj176
https://doi.org/10.1093/cercor/bhq180

Connectivity.” Journal of Neurophysiology 106: 1125-1165. https://doi.
org/10.1152/jn.00338.2011.

Zanto, T. P., and A. Gazzaley. 2013. “Fronto-Parietal Network: Flexible
Hub of Cognitive Control.” Trends in Cognitive Sciences 17: 602-603.
https://pubmed.ncbi.nlm.nih.gov/24129332/.

Zhou, Y. D., and J. M. Fuster. 2000. “Visuo-Tactile Cross-Modal
Associations in Cortical Somatosensory Cells.” Proceedings of the
National Academy of Sciences of the United States of America 97: 9777-
9782. https://www.pnas.org/content/97/17/9777.

19 of 19


https://doi.org/10.1152/jn.00338.2011
https://doi.org/10.1152/jn.00338.2011
https://pubmed.ncbi.nlm.nih.gov/24129332/
https://www.pnas.org/content/97/17/9777

	Resting-State Network Plasticity Following Category Learning Depends on Sensory Modality
	ABSTRACT
	1   |   Introduction
	2   |   Materials and Methods
	2.1   |   Participants
	2.2   |   Generation of 3D Stimuli
	2.3   |   Experimental Procedure
	2.4   |   Visual Experiment
	2.5   |   Tactile Experiment
	2.6   |   Behavioral Data Processing
	2.7   |   rs-fMRI Acquisition
	2.8   |   fMRI Data Processing
	2.9   |   Independent Component Analyses
	2.10   |   Dual Regression

	3   |   Results
	3.1   |   Behavioral Data
	3.2   |   Independent Component Analysis
	3.3   |   Dual Regression Analysis

	4   |   Discussion
	4.1   |   3D Environment
	4.2   |   Flexibility of the FPN During Visual and Tactile Category Learning
	4.3   |   Visual Category Learning
	4.4   |   Tactile Category Learning

	5   |   Impact of Sensory Modalities on Functional Connectivities
	6   |   Conclusions
	Conflicts of Interest
	Data Availability Statement
	References


