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A B S T R A C T

Dexterous hand motor behavior emerges from coordinated interactions within a distributed brain network. While 
task-related neural dynamics have been investigated, recent fMRI studies showed that also spontaneous - i.e. non- 
task related - brain connectivity can predict task-specific performance. Still, it remains unclear whether spon
taneous functional connectivity reflects also the encoding of general aspects of hand motor control.

Here, we applied connectome-based predictive modelling (CPM) to resting-state functional connectivity (rs- 
FC) from the Human Connectome Project (HCP) to predict performance in hand motor tasks. We identified a 
“core” hand motor network whose intrinsic connectivity predicted not only task-specific measures (dexterity and 
strength) but generalised its prediction across different effectors and tasks.

This “core” model also generalized its predictions to an independent dataset (external validation), including 
different behavioral measures and rs-fMRI data. In addition, transcranial magnetic stimulation (TMS) over 
inferior parietal cortex selectively impacted the core model’s predictive power in a time-dependent manner, 
consistent with the known neurophysiological effects of the stimulation protocol.

Together, these findings demonstrate that spontaneous brain activity encodes behaviorally relevant infor
mation about hand motor control, spanning both low-level features and higher-order representations. By linking 
spontaneous brain activity to behavioural motor outcomes, our findings pave the way for better understanding 
how spontaneous connectivity alterations might underlie motor dysfunction in neurological disorders.

1. Introduction

Dexterous hand movements rely on the representation of action- 
related information within a widespread brain network. Traditionally, 
task-related functional connectivity has been used to study these net
works. However, recent findings show that also spontaneous connec
tivity can predict behavioral performance. For instance, whole-brain 
resting-state functional connectivity (rs-FC) has been shown to predict 
specific movement feature, such as grip strength (e.g. Wu et al., 2021). 
However, it remains unclear whether rs-FC captures not only 
task-specific measures but also more general aspects of hand motor 
control - representations that are independent of the specific effector or 
task employed.

An extensive corpus of fMRI studies has shown the consistent 
recruitment of a wide network of cortical, subcortical and cerebellar 
regions during the performance of hand actions (Culham et al., 2006; 
Culham and Valyear, 2006; Errante et al., 2021; Gallivan and Culham, 

2015; Grafton, 2010; Sartin et al., 2023; Turella and Lingnau, 2014; 
Vesia and Crawford, 2012). Multivariate decoding approaches have 
further revealed the fine-grained specialization of these regions, 
showing decoding of information about specific aspects of hand move
ments (Gallivan and Culham, 2015), such as effector (Gallivan et al., 
2013) or action type (Gallivan et al., 2013, 2011; Malfatti and Turella, 
2021; Monaco et al., 2020, 2019; Turella et al., 2020). Recent MVPA 
studies showed also that it is possible to define regions hosting more 
“abstract” information, such as decoding action representations across 
effectors (Gallivan et al., 2013; Turella et al., 2020) or tasks (Monaco 
et al., 2020). This view aligns with the classical hierarchical organiza
tion of the motor system, where behavior is represented at multiple 
levels of abstraction. Whether similar abstract information about hand 
actions is also embedded in spontaneous brain connectivity, however, 
remains unknown.

To address this question, we employed Connectome-based Predictive 
Modeling (CPM) which is a data-driven approach that links brain 
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connectivity with behavioral variables (Shen et al., 2017; Wu et al., 
2023). This approach has been adopted to establish brain-behavior 
correlations across multiple cognitive domains. Previous studies have 
demonstrated that CPM can be employed to predict individual psycho
metric and behavioral variables from patterns of FC in both healthy 
participants (e.g., Rosenberg et al., 2016; Shen et al., 2017; Wu et al., 
2022; Yoo et al., 2022) and clinical populations (Kim et al., 2023; Lake 
et al., 2019; Rabini et al., 2023). In healthy individuals, CPM has been 
employed to predict fluid intelligence (Finn et al., 2015; Wu et al., 2022; 
Yoo et al., 2019), attention (Rosenberg et al., 2018, 2016; Shen et al., 
2017; Yoo et al., 2022, 2018), working memory (Avery et al., 2020; 
Zhang et al., 2020), creativity (Beaty et al., 2018) and personality traits 
(Cai et al., 2020; Hsu et al., 2018; Jiang et al., 2018). In clinical pop
ulations, CPM has been applied to predict clinical scores for depression 
(Kim et al., 2023), severity of motor symptoms in Parkinson's disease 
(Rabini et al., 2023) and social abilities in autism and attention deficit 
hyperactivity disorder (Lake et al., 2019). Crucially, CPM can also 
capture higher-order domain-general representations - for example, 
predicting attentional abilities across tasks, datasets and even months 
apart (Rosenberg et al., 2016, 2017, 2020 ; Yoo et al., 2022).

Building on this framework, we had three aims. First, using the 
Human Connectome Project (HCP) dataset, we sought to identify a brain 
network whose rs-FC could predict performance in two distinct tasks, 
measuring dexterity (Nine-Hole Peg Test) and strength (isometric grip 
force task), performed separately with the two hands. We anticipate that 
we could find a network of regions - a “core” hand motor network – 
whose connectivity predicted three (out of four) specific motor tasks of 
the HCP dataset (right-hand dexterity, right-hand strength and left-hand 
strength). Second, we tested whether this core network generalized 
beyond specific task demands, predicting individual behavioural per
formance across different effectors and motor tasks. Third, we evaluated 
the generalizability of this core model to an independent dataset 
(external validation), assessing its predictive validity for novel behav
ioral measures of a different motor task. Finally, we probed its specificity 
by applying transcranial magnetic stimulation (TMS) to perturb a pari
etal region known to be involved in hand action, testing whether this 
intervention altered CPM’s predictive performance.

2. Materials and methods

2.1. HCP dataset: participants and behavioural tasks

We analyzed anatomical and rs-fMRI data from the HCP dataset (Van 
Essen et al., 2013, 2012). The scanning protocol was approved by the 
Institutional Review Board at Washington University in St. Louis. All 
subjects gave written informed consent in accordance with the Wash
ington University Institutional Review Board.

Participants. Although the full HCP sample includes 1200 healthy 
young adults, we restricted our analysis to individuals with a consistent 
rightward hand preference, defined by an Edinburgh Handedness In
ventory score (EHI, Oldfield, 1971) greater than zero. This inclusive 
criterion was chosen over a stricter threshold for strong 
right-handedness (EHI > 40) to maximize sample size and preserve 
statistical power in line with a recent behavioural evaluation of hand
edness using the HCP dataset (Ruck and Schoenemann, 2021). This 
approach identified a total of 1026 participants.

From this subset, we selected 969 participants (535 females; age 
range: 22–36 years) who met the following criteria: 1) completion of at 
least one rs-fMRI run with left-right phase encoding; 2) completion of 
the two behavioral motor tasks relevant to this study.

Behavioral tasks. The HCP includes a comprehensive battery of 
cognitive and motor assessments (Hodes et al., 2013). For the present 
study, we focused on two tasks measuring hand motor function. The first 
task was the Nine-Hole Peg Test (Mathiowetz et al., 1985) which as
sesses fine hand dexterity. Participants were instructed to insert and - 
then remove - nine pegs from a pegboard as quickly as possible with one 

hand at the time. As behavioral measure, we considered the time to 
complete the task (in seconds), recorded separately for the right and left 
hands.

The second task was the Grip Strength test (Hodes et al., 2013) which 
assesses upper limb strength. Participants used a hand-held dynamom
eter to exert maximal grip force, one hand at a time. The considered 
behavioral measure was the maximum exerted force (in pounds) 
measured separately for the right and left hands.

2.2. HCP dataset: MRI data acquisition and preprocessing

MRI data acquisition. Each participant completed two runs of rs-fMRI 
with opposite phase encoding directions: left-to-right (LR) and right-to- 
left (RL). For the present analysis, we used only the LR run. Each run 
consisted of 1200 vol acquired in 14.33 min (TR = 720 ms, TE = 33.1 
ms, 72 slices, 2 mm isotropic voxels, Van Essen et al., 2012; Smith et al., 
2013).

Preprocessing. We used the “minimally preprocessed” data provided 
by the HCP, which included motion correction and spatial normalization 
to MNI152 standard space (Glasser et al., 2013). Additional denoising 
was performed using ICA-FIX, which applies independent component 
analysis (ICA) to decompose the signal and a trained classifier (FIX) to 
automatically remove artifactual components (Griffanti et al., 2014; 
Salimi-Khorshidi et al., 2014; Smith et al., 2013).

2.3. Dataset for external validation: participants, kinematic and offline 
TMS-fMRI sessions

To validate the generalizability of our CPM, we employed an inde
pendent dataset comprising kinematic recordings and rs-fMRI data ac
quired before and after TMS. Part of this dataset have been previously 
published elsewhere (Pierotti et al., 2025).

Participants. Thirty-two right-handed participants participated in the 
study. Participants were excluded if they exhibited excessive head mo
tion during fMRI acquisition (maximum displacement > 2 mm; n = 5) or 
experienced technical issues during kinematic data acquisition (n = 1). 
The final sample comprised 26 right-handed participants (16 females, 
average age: 24 years). Participants had no contraindications to MRI or 
TMS investigation. They provided written informed consent to partici
pate in the study and were reimbursed for their participation. The pro
tocol of this study was approved by the Ethics Committee of Human 
Research of the University of Trento (protocol 2018–015).

Kinematic session. On a separate day from the neuroimaging session, 
participants completed a motor task involving grasping and reaching 
actions toward a small spherical object (4 cm diameter, placed 30 cm 
from the starting point; see Budisavljevic et al., 2017 for a similar 
design). In the grasping condition, participants used a precision grip 
(thumb and index finger) to grasp the object. In the reaching condition, 
they reached and touched the object with their knuckles. Each action 
was executed 15 times with each hand in separate blocks (one block per 
hand with block order counterbalanced across participants). In each 
block, an auditory cue indicated both the type of action (grasp or reach) 
and the go signal for movement initiation. Subjects were instructed to 
start the movement as fast as possible in response to this go signal. This 
design allowed us to record not only movement kinematics but also the 
reaction times associated with each action.

Kinematics data were recorded using a Qualysis Track Manager 
System (Qualisys AB, https://www.qualisys.com/) including five 
infrared cameras (ProReflex MCU) sampling at 100 Hz. Five markers 
were applied to participants' hands: on the thumb distal phalange, on the 
index finger distal phalange, on the metacarpophalangeal joint of the 
middle finger, and two on the wrist (distal radius and ulna).

From this task, we extracted three behavioral measures per hand: 1) 
reaction time (RT) during grasping, 2) RT during reaching, 3) maximum 
grip aperture (MGA) during grasping, defined as the maximum distance 
between the thumb and index markers throughout the movement.
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Offline TMS-fMRI session. Each participant underwent two rs-fMRI 
runs before and two rs-fMRI runs after offline continuous theta-burst 
stimulation (cTBS; Huang et al., 2005) applied to the left human ante
rior intraparietal area (hAIP) - a key region involved in hand motor 
control (Grefkes and Fink, 2005). We selected the hAIP as our stimula
tion target based on extensive evidence that TMS applied over this re
gion impacts different aspects of goal-directed hand actions (Breveglieri 
et al., 2023; Glover et al., 2005; Gutteling et al., 2013; Rice et al., 2007, 
2006; Tunik et al., 2008, 2005). We adopted a neuronavigation system 
(SofTaxic system, software version 3.4, EMS, Italy) to localize hAIP on 
the reconstruction of individual brain images adopting anatomical 
landmarks. At the group level, the site of stimulation was located at the 
following mean MNI coordinates: x= -52 ± 6, y= -43 ± 5, z = 57 ± 4.

On the same day, each participant carried out the offline TMS-fMRI 
experimental session following a fixed order of stimulation. The exper
imental session comprised two resting states fMRI runs collected after 
sham cTBS and two resting states fMRI runs collected after real cTBS. 
The session started with the delivery of sham cTBS stimulation on hAIP 
outside the MR scanner room. After the sham stimulation, the partici
pant was positioned in the MR scanner and underwent two runs of rs- 
fMRI before real TMS. Then, the participant was moved outside the 
MR scanner and real cTBS was delivered on the hAIP. Following stim
ulation, the subject was repositioned inside the MR scanner and un
derwent two runs of rs-fMRI after real TMS. Each rs-fMRI run lasted 10 
min. For more information on the TMS-fMRI session, please refer to the 
previous publication (Pierotti et al., 2025).

2.4. Dataset for external validation: MRI data acquisition and 
preprocessing

MRI data acquisition. The rs-fMRI data were collected using a 3T 
Siemens MAGNETOM Prisma scanner (Siemens Healthcare, Erlangen, 
Germany) equipped with a 64-channel head coil. Each rs-fMRI run lasted 
10 min and consisted of 600 vol (TR = 1 s, TE = 28 ms, 66 slices, voxel 
size = 3 mm isotropic). To correct geometric distortions, double-echo 
gradient echo field maps were acquired (TR = 4810 ms; TEs = 4.92 

and 7.38 ms; voxel size = 3 mm isotropic Additionally, a high-resolution 
T1-weighted structural image was obtained using a multi-echo MPRAGE 
sequence (TR = 2500 ms; TEs = 1.69, 3.55, 5.41, 7.27 ms; voxel size = 1 
mm isotropic).

Preprocessing. MRI data was preprocessed using SPM12 
(https://www.fil.ion.ucl.ac.uk/spm/software/spm12/) with the 
following preprocessing steps: 1) slice-timing correction; 2) head motion 
correction; 3) distortion correction using the gradient echo-sequences; 
3) T1-weighted segmentation to obtain the deformation field for the 
MNI normalization; 4) normalization to the MNI space; 5) Bandpass 
filtering (0.1–0.01 Hz). Finally, we resampled voxel size to match the 
whole brain parcellation (2 mm isotropic voxels).

3. CPM models

3.1. Parcellation atlas and functional connectivity estimation

Parcellation atlas. To estimate whole-brain functional connectivity, 
we employed a parcellation approach that combined cortical, subcor
tical and cerebellar regions, resulting in comprehensive anatomical 
coverage (Fig. 1). This composite atlas included 348 parcels distributed 
across nine functional networks.

Cortical regions were defined using the 300-parcel version of the 
Schaefer atlas (Schaefer et al., 2018), which is organized according to 
the seven canonical resting-state networks proposed by Yeo et al. 
(2011): 1) FrontoParietal, 2) Default Mode, 3) Dorsal Attention, 4) 
Limbic, 5) Ventral Attention, 6) Somatomotor, 7) Visual.

Subcortical regions were derived from an atlas based on previous 
work (Glasser et al., 2016; Gordon et al., 2016) comprising 16 parcels 
(bilateral: Hippocampus, Amygdala, Posterior and Anterior Thalamus, 
Nucleus Accumbens, Globus Pallidus, Putamen, and Caudate Nucleus) 
grouped into a single Subcortical network.

Cerebellar regions were extracted from a recent cerebellar atlas 
(Nettekoven et al., 2023), including 32 parcels that formed the Cere
bellar network.

Functional connectivity estimation. Using this customized parcellation, 

Fig. 1. Customized whole-brain parcellation and functional network organization. The figure illustrates the parcellation scheme adopted in the present study, 
comprising 348 regions across nine functional networks. This composite atlas was created by integrating: 1) a cortical parcellation (Schaefer et al., 2018; Thomas Yeo 
et al., 2011); 2) a cerebellar parcellation (Glasser et al., 2016; Gordon et al., 2016), and a subcortical parcellation (Nettekoven et al., 2023). From left to right, the top 
row displays lateral views of the left and right hemispheres, and a coronal view. The bottom row presents medial views of the left and right hemispheres, along with 
an axial (bottom-up) view. The nine functional networks are color-coded as follows: fronto-parietal network (dark purple); default mode network (blue); dorsal 
attention network (dark green); limbic network (light purple); the ventral attention network (cream); somato-motor network (orange); visual network (red); the 
cerebellum(yellow); the subcortical network (light green).
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we extracted FC from both the HCP dataset and the external validation 
rs-fMRI dataset. The analysis was performed using custom MATLAB 
scripts (Version R2017b, The MathWorks Inc., https://www.math 
works.com). For each participant, we computed pairwise Pearson cor
relation coefficients between the mean time series of each parcel and 
every other parcel in the atlas. This procedure resulted in an individual 
348 × 348 whole-brain FC matrix. All FC estimates were transformed 
using Fisher’s z-transformation.

3.2. Whole brain CPM for predicting hand motor behaviour (HCP 
dataset)

Whole-brain CPMs. We started by testing if the CPM framework could 
be adopted to predict behavioral variables from whole brain FC, i.e. to 
try to establish a link between rs-FC and hand motor functioning. To this 
aim, we applied Support Vector Regression (SVR) to the rs-FC matrices 
obtained from our 348-region parcellation, modelling each motor vari
able separately. Specifically, we constructed independent CPM models 
to predict the following four behavioral measures: 1) left-hand dexterity 
(Nine-Hole Peg test); 2) right-hand dexterity (Nine-Hole Peg test); 3) 
left-hand strength (Grip Strength test); and 4) right-hand strength (Grip 
Strength test). All behavioral scores were z-scored prior to modeling.

We employed 10-fold cross-validation to evaluate each model. In 
each iteration, data from nine folds served as the training set, while the 
remaining fold was used for testing. To minimize data leakage, family 
members were kept within the same fold. Then, we computed the 
Pearson correlation coefficient between the predicted and observed 
behavioral scores in the test set, which served as an index of model 
accuracy. This entire procedure was repeated 1000 times and the 
resulting correlation coefficients were z-scored and averaged across 
repetitions.

To determine statistical significance, we adopted a non-parametric 
permutation approach. Specifically, we permuted the behavioral 
scores within each iteration of the cross-validation (1000 repetitions), 
generating a null distribution of correlation values (1000 values). We 
then compared the observed average correlation with this null distri
bution. False Discovery Rate (FDR) correction (Benjamini and Hoch
berg, 1995) was applied to correct for multiple comparisons.

Weights for Whole-brain CPMs. For each model, we also extracted and 
analysed the model weights, representing the functional connections (i. 
e. model features) contributing most to prediction. Direct interpretation 
of weights can be misleading, so we applied the Haufe transformation 
(Haufe et al., 2014), which converts the weights into interpretable 
values. After transformation, larger absolute values indicate greater 
relevance of specific connections in predicting the behavioral outcome 
(Haufe et al., 2014; Scheinost et al., 2019; Wu et al., 2023). We averaged 
these transformed weights across folds and repetitions to generate a final 
weight matrix for each behavioral model.

To assess the significance of individual connections, we again used a 
non-parametric approach. For each model, we generated null distribu
tions by permuting behavioral values and recalculating the transformed 
weights (1000 permutations). Observed average weights were then 
compared to these null distributions, and FDR correction (Benjamini and 
Hochberg, 1995) was applied to control for multiple comparisons across 
the matrix.

3.3. Identification of a core hand motor network and test of its predictive 
power (HCP dataset)

Our first objective was to determine whether a core hand motor 
network could be identified across multiple behavioral tasks and 
whether this network alone could predict motor performance.

As described in the Results section (“Whole-brain CPM, identifica
tion of the core hand motor network and test of its predictive power”), 
three out of four whole-brain CPM models yielded significant pre
dictions: dexterity of the right hand, strength of the left hand and 

strength of the right hand.
To define the core hand motor network, we first extracted all the 

significantly predictive connections (based on FDR-corrected Haufe- 
transformed weights) from each of these three models. Then, we 
calculated the intersection of these connections across the three models. 
While each whole-brain model included 60,552 unique pairwise con
nections (based on the 348 × 348 symmetric matrix), the core network 
consisted of 1833 connections.

We tested the predictive power of this core network by conducting 
the same CPM analyses using only these 1833 connections. We followed 
the same SVR and cross-validation procedure described in the previous 
section. This allowed us to evaluate whether the core network CPM 
could predict each of the four behavioral motor variables: dexterity for 
the left hand, dexterity for the right hand, strength for the left hand, 
strength for the right hand. Crucially, we also investigated whether 
these predictions were specific to the motor domain. To this aim, we 
tested the predictive power of the core CPM to non-motor HCP measures 
- fluid intelligence, personality and working memory - to verify that the 
network did not capture more general cognitive aspects (see HCP data
set: Control Analyses on Non-Motor Variables section in Supplementary 
Material).

3.4. Generalization of the core hand motor network CPM to different 
motor variables (HCP dataset)

The second aim of our study was to evaluate whether the core 
network captures more general aspects of hand motor control - beyond 
the specific motor variable used for training. In detail, we tested whether 
CPM model trained to predict a specific motor variable (e.g. force) could 
also predict the same variable for the opposite hand and/or a different 
motor variable (e.g. dexterity). This analysis allowed us to investigate 
whether the core network encodes higher-order aspects of motor control 
and not only task-specific motor variables.

As in our previous analyses, we employed a 10-fold cross-validation 
scheme with 1000 repetitions. To evaluate statistical significance, we 
generated null distributions by permuting behavioral values within each 
motor variable before computing the CPM (1000 permutations). False 
Discovery Rate (FDR) correction (Benjamini and Hochberg, 1995) was 
applied to correct for multiple comparisons.

3.5. External validation and network perturbation analysis of the core 
hand motor network CPM (HCP and external validation datasets)

Our final objective was to evaluate the generalizability of the core 
hand motor network CPM by testing its predictive performance on an 
independent dataset that included both new rs-fMRI data and different 
behavioral measures (external validation).

One of the primary challenges in the CPM framework is overfitting, 
where a model captures noise specific to the training dataset rather than 
true signal. This risk can be mitigated through external validation, 
which evaluates model performance on a separate dataset independent 
from the one adopted in the training phase. Such a procedure enhances 
the robustness and reproducibility of the findings by ensuring that the 
test data cannot influence model optimization (Scheinost et al., 2019).

We leveraged the unique structure of our external validation dataset, 
in which each participant contributed four rs-fMRI runs and six behav
ioral kinematic measures: RTs (separately for reaching and grasping 
actions) and maximum grip aperture (MGA) for both hands.

This allowed us to evaluate model performance in two distinct 
external validations: 1) unperturbed external validation using the two 
rs-fMRI runs acquired before real cTBS (but after sham stimulation); 2) 
perturbed external validation using the two rs-fMRI runs acquired after 
real cTBS over the left hAIP, a key region involved in hand motor 
control.

For the unperturbed external validation, we applied the core CPM 
model trained on the HCP dataset (N = 969) separately to the two pre- 
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TMS runs from the external sample (N = 26), assessing whether the 
model could predict new motor behavior based on FC in a different 
population. Specifically, we tested the three CPM models that showed 
significant performance in the training dataset (left-hand dexterity, left- 
hand strength, right-hand strength), using them to predict RT and MGA 
values in the independent sample.

For the perturbed external validation, we repeated the analysis using 
the two post-TMS runs. This allowed us to examine whether offline cTBS 
to the left hAIP would alter the predictive performance of the core CPM.

In both analyses, we computed Pearson correlation coefficients be
tween the predicted and actual behavioral values to quantify model 
performance. To assess statistical significance, we generated a null dis
tribution for each model by permuting the behavioral labels (1000 
times) and compared the observed correlation coefficients to these null 
distributions. Statistical significance was determined by comparing the 
true correlation value against its corresponding null distribution. False 
Discovery Rate (FDR) correction (Benjamini and Hochberg, 1995) was 
applied to correct for multiple comparisons.

4. Results

4.1. Prediction of hand motor variables from whole-brain functional 
connectivity (HCP dataset)

We started by testing whether whole-brain rs-FC could predict per
formance in different motor tasks. Using CPM trained on the HCP 
dataset, we tested four separate models targeting different motor vari
ables. Three of the four CPMs significantly predicted behavior: right- 
hand dexterity and strength for both hands (p < 0.005 FDR-corrected; 
see Fig. 2).

In the whole-brain analyses, we adopted a conservative approach (p 
< 0.005 FDR-corrected), as the objective was to constrain as much as 
possible the number of possible connections included within the core 
hand motor network (see next section).

4.2. Prediction of hand motor variables from the core hand motor 
network functional connectivity (HCP dataset)

Our first objective was to identify a core network, i.e. a subset of 
functional connections that consistently predicted performance in 
different hand motor tasks. To this end, we extracted the statistically 
significant connections from the three whole-brain CPMs that showed 
predictive power (right-hand dexterity, left-hand strength and right- 

hand strength) and computed their intersection. This procedure yiel
ded a core network composed of 1833 connections.

Fig. 3A illustrates the distribution of these connections across the 
nine functional networks defined by our customized parcellation. 
Notably, the most frequent connections were between the Somatomotor 
and Default Mode networks, Default Mode and Fronto-Parietal net
works, Somatomotor and Fronto-Parietal networks, Somatomotor and 
Visual networks, and between the Dorsal and Ventral Attention net
works. Within-network connections were most prominently represented 
within the Default Mode Network.

As previously described (see Methods), we used a customized whole- 
brain parcellation combining cortical (Schaefer et al., 2018; Yeo et al., 
2011), subcortical (Glasser et al., 2016; Gordon et al., 2016), and 
cerebellar (Nettekoven et al., 2023) atlases. The cortical large-scale 
networks were defined based on rs fMRI data, preserving their original 
naming conventions (Yeo et al., 2011) to facilitate comparison with 
previous studies. Still, it is important to note that there is not a consensus 
on the nomenclature and function of this networks (Biswal and Uddin, 
2025). For this reason, Fig. 3B shows the spatial distribution of parcels 
involved in the core network. The color code depicts the number of 
significant connections for each parcel.

We then tested whether the core network CPM alone could predict 
hand motor variables, applying the same procedure adopted with whole 
brain data, but limiting the features to the 1833 core connections. As 
shown in Fig. 3C, the core CPM successfully predicted the same three 
behavioral measures as the original whole-brain models: right-hand 
dexterity and left/right-hand strength (p < 0.005 FDR-corrected). 
Moreover, we tested whether the core CPM was specific to predict 
hand motor variables or could also predict other non-motor behavioural 
measures of the HCP (fluid intelligence, personality and working 
memory). None of these models reached statistical significance (p > 0.16 
uncorrected, see Results of Control Analyses on Non-Motor Variables sec
tion and Figure S1 in Supplementary Material).

These results indicate that the identified core network - despite being 
much smaller than the whole-brain connectivity matrix (1833 vs. 60,552 
connections) - is functionally associated with upper-limb motor 
performance.

4.3. Generalization of the predictive performance of the core hand motor 
network CPM to different motor variables (HCP dataset)

Our second aim was to evaluate whether the core CPM captures 
general features of hand motor functioning, beyond adopted effectors or 

Fig. 2. Prediction performance of whole-brain CPMs for hand motor variables (HCP dataset). Each panel displays the distribution of model performance (Pearson’s 
correlation between predicted and actual behavioral scores) for the real CPM compared to the null distribution obtained via permutation testing. The top-left panel 
shows the non-significant model for left-hand dexterity. The bottom-left panel shows a significant model for right-hand dexterity. The top-right and bottom-right 
panels show significant models for left-hand and right-hand strength, respectively. All significant results passed false discovery rate correction (p < 0.005 
FDR-corrected).
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specific task requirements. To address this, we employed a cross- 
generalization approach in which the CPM was trained on one motor 
variable and tested across tasks (dexterity vs. strength), across hands 
(right vs. left) or across both.

Several cross-generalization comparisons yielded significant results, 
indicating that core CPMs trained on a specific motor task can generalise 
their prediction to different motor tasks (see Fig. 4). First, core CPM 
trained on right-hand strength significantly predicted dexterity of the 
same hand and vice versa (see Fig. 4A). These results suggest that the 
core network captures task-independent information about motor per
formance, regardless of the specific requirement of the task (i.e., dex
terity vs. strength).

Second, core CPM trained on strength for one hand (e.g., left) could 
significantly predict strength for the opposite hand (e.g., right) and vice 
versa (see Fig. 4B). This result indicates that this network encodes 
effector-independent information, generalizing across the left and right 
hands for the same type of motor task.

Finally, core CPM trained on right-hand dexterity significantly pre
dicted left-hand strength and vice versa (Fig. 4C). These findings suggest 
that this network integrates broader action-related information that 
supports general motor performance across motor domains and 
effectors.

Taken together, these results highlight the generalizability of the 
core CPM across different motor domains, supporting the idea that it 
encodes higher-order neural representations of upper-limb motor 
control.

4.4. Generalization of the predictive performance of core network CPM to 
an independent dataset (HCP and external validation datasets)

To evaluate the generalizability of the core CPM beyond the original 
dataset, we tested its predictive performance on an independent sample 
comprising rs-fMRI and kinematic data. This external validation dataset 
included behavioral measures that differed from the ones of the HCP 
dataset: reaction times (RTs) for grasping and reaching tasks, and 
maximum grip aperture (MGA), a key kinematic parameter associated 
with skilled hand control. These measures were assessed for both hands 
separately. We reported the distributions of these behavioural measures 
in Supplementary Material (see Dataset for external validation: Inter- 
individual variability of behavioural measures section).

The inclusion of these novel motor variables allowed us to assess 
whether the core network CPM could generalize to different dimensions 
of motor behavior - ranging from a general index of action preparation 
(RTs) to more specific aspects associated with dexterous hand action 

Fig. 3. Core hand motor network and its predictive performance. A. Distribution of connections across functional networks. The heatmap shows the number of 
connections within and between functional networks that comprise the core hand motor network (1833 connections). FrontoPar = fronto-parietal network; Default =
default mode network; DorsAtt = dorsal attentional network; Limbic = limbic network; VentrAtt = ventral attentional network; SomMot = somatomotor network; Vis 
= visual network; Cerebellar = cerebellum; Subcortical = subcortical network. B. Spatial distribution of parcels in the core network. Brain surface maps show the 
frequency with which each parcel was involved in the core network. Frequencies reflect how often a parcel appeared across the significant connections shared by the 
three predictive whole-brain CPMs (right-hand dexterity, left-hand strength, and right-hand strength). C. Predictive power of the core network. Each panel displays 
the distribution of model performance (Pearson’s correlation between predicted and actual behavioral scores) for the real CPM compared to the null distribution 
obtained via permutation testing. The model significantly predicted right-hand dexterity, left-hand strength, and right-hand strength (p < 0.005 FDR corrected, blue 
asterisks), but not left-hand dexterity.

E. Pierotti et al.                                                                                                                                                                                                                                  NeuroImage 331 (2026) 121883 

6 



execution (MGA).
Fig. 5 summarizes the external validation results across four rs-fMRI 

runs. The different panels (A–D) represents a separate run presented in 
temporal order. The columns in each panel depict the HCP-trained CPMs 
(based on different motor tasks and hands) and rows represent the target 
behavioral variables from the independent dataset. Prediction signifi
cance is indicated by red-colored correlation coefficient (p < 0.05 FDR 

corrected).
Fig. 5A displays the prediction results for the first rs-fMRI run ac

quired after sham TMS, but prior to real TMS which represents an 
“unperturbed” FC state. Significant predictions were observed for MGA 
of the right hand when the model was trained on right-hand dexterity in 
the HCP dataset. Similarly, MGA for the left hand was significantly 
predicted across three HCP training models (right-hand dexterity and 

Fig. 4. Cross-generalization results of the core CPM. A. Task-independent cross-generalization. Distributions of model performance compared against the null 
distribution obtained through permutations. The y-axis displays Pearson’s correlation coefficients (prediction accuracy) and the x-axis shows the cross-generalization 
comparison. B. Effector-independent cross-generalization. Distributions of model performance compared against the null distribution obtained through permutations. 
The y-axis displays Pearson’s correlation coefficients (prediction accuracy), and the x-axis shows the cross-generalization comparison. C. Task- and effector- 
independent cross-generalization. Distributions of model performance compared against the null distribution obtained through permutations. The y-axis displays 
Pearson’s correlation coefficients (prediction accuracy), and the x-axis shows the cross-generalization comparison. All models showed significant predictive power (p 
< 0.005 FDR corrected), supporting the hypothesis that the core network captures action-related information that extend beyond specific tasks or effectors.
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strength for both hands), suggesting that the core CPM can capture 
general aspects of dexterous hand behavior, even across datasets.

Fig. 5B shows a similar pattern adopting the second “unperturbed” 
run of rs-fMRI (prior to real TMS). Significant predictions were again 
found for MGA of the right hand (training on right-hand dexterity) and 
for MGA of the left hand when training on either left-hand dexterity or 
strength (p < 0.05 FDR corrected). The prediction accuracy for MGA left- 
hand when training on strength left hand was close to the significant 
level (p uncorrected = 0.08) suggesting a trend toward generalizability 
in this condition.

To assess the potential impact of perturbation on the predictive 
power of the network, we tested the model on two additional “per
turbed” rs-fMRI runs acquired after continuous theta-burst stimulation 
(cTBS) over the left inferior parietal cortex.

Fig. 5C shows the results from the rs-fMRI run acquired starting from 
approximately 5 min after real cTBS (the first post-TMS session). Despite 
the stimulation, prediction performance remained consistent with the 
pre-TMS state: MGA of the right hand was again significantly predicted 
from right-hand dexterity training, and MGA of the left hand was pre
dicted from all three HCP models (p < 0.05 FDR corrected).

Fig. 5D shows the results from the final rs-fMRI run (the second post- 
TMS session) which was acquired later in time (approximately 15 min 
after TMS). Here, all model predictions failed to reach significance (all 
uncorrected p-values > 0.12). This suggests that cTBS affected the FC in 
the core network only at this time-point, suggesting that the effects of 
cTBS over the parietal area might take time to become evident. This is in 
line with a recent non-human primate investigation that demonstrated 
that the effects of cTBS on parietal cortex takes from 20 to 30 min to 

Fig. 5. External validation results across rs-fMRI runs in an independent dataset. Prediction accuracy of CPM models trained on HCP data (columns) when applied to 
behavioral data from the independent dataset (rows). Behavioral variables include RT for grasping and reaching, and maximum grip aperture (MGA), for both hands. 
Red-highlighted cells mark significant predictions (p < 0.05, FDR corrected). A. Results from the first “unperturbed” rs-fMRI run acquired after sham TMS, but before 
real TMS stimulation. Significant predictions were observed for MGA of both hands, particularly when testing models trained on HCP dexterity and strength tasks. B. 
Results from the second “unperturbed” rs-fMRI run. The pattern largely replicates Panel A, with significant prediction for MGA of both hands, especially following 
training on dexterity and strength tasks for the corresponding hand. C. Results from the first rs-fMRI run after real TMS. Predictive performance remains comparable 
to pre-TMS runs, suggesting initial preservation of the network’s functional architecture. D. Results from the second rs-fMRI run after real TMS. All prediction models 
failed to reach significance (all p > 0.12, uncorrected), suggesting a delayed effect of cTBS on the functional architecture of the core motor network.
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reach its maximum effect (Romero et al., 2022).
All in all, these findings demonstrate that the core network CPM 

show generalization to novel motor-related variables from an indepen
dent dataset - i.e. MGA, a measure of fine hand motor control - and that 
its predictive performance is sensitive to TMS-induced modulation of 
parietal connectivity.

5. Discussion

The aim of this study was to investigate whether the encoding of 
general aspects of hand motor control is embedded in spontaneous FC. 
To this end, we adopted CPM on rs-FC to predict individual performance 
across a range of motor tasks.

Our first finding was the identification of a core hand motor network, 
derived from the intersection of significant connections across whole- 
brain CPMs for three motor tasks of the HCP dataset (right-hand dex
terity, right- and left-hand strength). The core CPM predicted behavioral 
performance in these tasks, demonstrating that rs-FC contains infor
mation associated with distinctive features of the behavioural output.

Our second finding was the generalization of the prediction of the 
core CPM across different effectors and/or tasks. This seems to suggest 
that rs-FC in the core network captures also high-order aspects of hand 
functioning, not bound to specific motor outcomes.

Finally, we demonstrated that the core CPM generalized to an in
dependent dataset featuring a different behavioural metric, i.e. MGA, 
further supporting the idea that the core network encodes task- 
independent information. Moreover, employing rs-FC acquired after 
TMS to hAIP, we could observe a time-dependent change in predictive 
power compatible with the effect of cTBS. This suggests that perturbed 
rs-FC affects the generalization of our core CPM.

In the next sections, we discuss the implications of our findings on 
the understanding of the nature of behavioral information embedded in 
spontaneous connectivity.

5.1. Distributed representation of task-specific motor information within 
spontaneous connectivity

We showed that distributed patterns of spontaneous connectivity in a 
widespread brain network could predict individual performance in 
specific motor tasks. In other words, our results reveal that hand action 
information is represented in a distributed way across the brain, even a 
rest. However, a limitation of this approach is that CPM focuses on 
describing the predictive role of connections within a network, rather 
than capturing the contribution of specific regions. As the core network 
was derived from the intersection of connections across three tasks, our 
interpretation of the specific role of these regions is indirect.

In addition, we acknowledge another limitation as the whole-brain 
and core models predicting left-hand dexterity were not significant. 
This weaker performance for left-hand dexterity may be attributable to 
the characteristics of our sample, which included only right-handed 
participants. Predictive power for dexterity was lower than for 
strength even in the dominant (right) hand, suggesting that dexterity 
may be inherently harder to model from rs-FC and/or that handedness 
plays a critical role. Future research should explore how hand domi
nance affects CPM performance, particularly for fine motor control 
tasks.

Despite these limitations, our findings are supported - and comple
mentary to - recent fMRI studies (Livne et al., 2022; Zhang et al., 2023, 
2025) which directly demonstrated the similarity between patterns of 
spontaneous brain activity and patterns of task-related activity associ
ated with the performance of hand movements.

Livne et al. (2022) demonstrated that spontaneous activity in the 
primary motor cortex resembles task-evoked patterns of common, 
everyday hand actions more than uncommon ones, suggesting the motor 
cortex encodes frequently used movements even at rest. Extending this 
evidence, Zhang et al. (2023) demonstrated that spontaneous activity 

patterns in large-scale rs networks (Yeo et al., 2011) also exhibit 
different similarity with task-related patterns. The DAN aligned with 
patterns for common hand actions, while the VAN was more attuned to 
patterns for uncommon ones. This functional dissociation suggests that 
different rs networks may support distinct aspects of action represen
tation even at rest. More recently, Zhang et al. (2025) showed that dy
namic coactivation patterns linking the motor cortex with regions of 
large-scale rs networks (VAN, DAN, DMN) were preserved across rest 
and hand movements - even if they underwent a reconfiguration during 
the task. Taken together, these findings suggest that not only local 
spontaneous activity pattens (as in Livne et al., 2022; Zhang et al., 
2023), but also distributed interactions between brain regions are crit
ical for representing hand action at rest (Zhang et al., 2025), consistent 
with our data. Task-related information seems to be embedded within 
the intrinsic organization of these networks even in the absence of any 
explicit motor output, supporting the idea that these activity patterns 
code for behaviourally relevant information states.

Building on this evidence, it is tempting to interpret our findings 
within a framework proposing that resting-state activity and connec
tivity might be gradually shaped over the lifespan by everyday experi
ence and learning mechanisms, thereby serving as functional scaffold or 
priors of task activation patterns (Petersen and Sporns, 2015; Raichle, 
2011). Within this view, the specific type of information encoded within 
the connections of our core CPM is difficult to specify, as different as
pects of our tasks might be represented (Gallivan and Culham, 2015). 
Task-specific predictions may encompass motor aspects of the actions, 
associated visual or somatosensory information or the sensory feedback 
generated by the movements. Future studies are therefore needed to 
disentangle the contributions of different rs-FC patterns to behaviorally 
relevant information and to clarify their role in supporting distinct 
components of hand motor control.

5.2. Representation of higher order aspects of hand motor control in 
spontaneous connectivity

We showed that the core CPM generalized its predictions across 
tasks, effectors and even datasets. This aspect of your findings is 
compelling, as it suggests rs-FC in the core network may encode infor
mation about hand behavior at a more abstract level, as indicated by our 
cross-generalization analyses (see Fig. 4). We can speculate about the 
type of higher-order information captured by our CPM comparing the 
commonalities between our strength and dexterity tasks. Both tasks 
require the specification of hand configurations to accomplish task de
mands. In the strength task, a specific posture of the hand must be 
maintained throughout the task, whereas in Nine-Hole Peg test, the hand 
is continuously reconfigured as pegs are inserted and removed. A 
plausible interpretation could be that the generalization of prediction of 
the CPM across these two tasks may imply that the core network encodes 
common neural principles underlying hand configuration shared across 
these different motor behaviors.

Our cross-generalization analyses support the idea that, like other 
cognitive domains, the motor system also relies on domain-general 
representations that are not exclusively tied to specific task re
quirements. This perspective aligns with recent evidence indicating that 
spontaneous activity can resemble task-evoked patterns associated with 
not only action execution (Zhang et al., 2023) but also action observa
tion (Perciballi et al., 2025). These findings suggest that the core 
network might encode abstract, high-level regularities of action pro
cessing, rather than relying solely on task- or effector-specific features. 
Nonetheless, while these results demonstrated the presence of such 
representations within spontaneous connectivity, they do not fully 
clarify their precise informational content or functional role.

Additional insight comes from the external validation analysis (see 
Fig. 5), which showed that the core CPM generalized primarily to MGA, 
but not to RTs. This finding supports our proposal that CPM captures 
general aspects of motor control across tasks. RTs are influenced by task- 
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specific factors such as explicit instructions and attentional demands, 
whereas MGA reflects an implicit process largely independent of such 
factors. Indeed, MGA has been associated with visuo-motor trans
formations required to shape the fingers for performing hand-object 
interactions (Jeannerod et al., 1995; Rizzolatti et al., 1998; Rizzolatti 
and Luppino, 2001; Rizzolatti and Matelli, 2003). The representation of 
the required hand configuration is likely shared across all our motor 
tasks (strength, dexterity and grasping), a possibility further supported 
by the cTBS effect on CPM predictive power (see next section).

Following the interpretational framework proposed in the previous 
section (Petersen and Sporns, 2015; Raichle, 2011), we might view the 
coding of this task-independent information as embedded not only in 
task-specific activity but also in co-activation patterns of resting-state 
networks. In this sense, spontaneous connectivity may integrate not 
just task-specific features but also general aspects of motor control that 
are consistent across tasks.

A more speculative interpretation could be that these representations 
embedded in spontaneous activity might play a crucial role in prediction 
(Betti et al., 2021; Dimakou et al., 2025; Pezzulo et al., 2021). It has been 
proposed that the brain is actively maintaining and updating predictive 
representations relevant for future interactions with the environment 
even when “at rest” (Dimakou et al., 2025; Pezzulo et al., 2021). If so, 
spontaneous connectivity patterns might reflect latent functional ar
chitectures that support a more general anticipatory mechanism for 
predicting task-independent aspects of future actions even in the 
absence of overt movement.

5.3. Specificity of modification of CPM’s predictive power following cTBS

To the best of our knowledge, this is the first investigation to 
demonstrate that TMS can induce changes in the predictive power of a 
CPM. This finding suggests that informational states related to motor 
output, embedded in spontaneous activity, can be modified by external 
perturbation. Specifically, we observed a time-dependent decrease in 
the core model’s ability to predict MGA, consistent with the neuro
physiological effects of cTBS on parietal cortex, which unfold gradually 
to reach their maximum (Romero et al., 2022). We acknowledge that we 
cannot fully exclude that the described effect might be driven by un
specific factors – such as change in arousal across the experimental 
session or time-dependent drifts in rs-fMRI signal. Still, the specificity of 
this effect seems to support the idea that spontaneous connectivity 
carries representational content closely related to task-evoked activity.

The stimulated region, hAIP, is known to be an important node 
involved in the visuo-motor transformation for producing hand motor 
commands (Jeannerod et al., 1995; Rizzolatti et al., 1998; Rizzolatti and 
Luppino, 2001; Rizzolatti and Matelli, 2003). Previous studies have 
shown that TMS over hAIP impairs performance during hand actions 
(Breveglieri et al., 2023; Glover et al., 2005; Gutteling et al., 2013; Rice 
et al., 2007, 2006; Tunik et al., 2008, 2005). More recently, a lesion 
study identified hAIP as causally involved in modifications of hand 
preshaping, as measured by MGA, during visually guided grasping (Di 
Caro et al., 2025). This corpus of evidence supports a functional rela
tionship - and possibly an equivalence - between information encoded 
within the hAIP during hand motor tasks and during rest. By directly 
demonstrating that transient perturbations of rs-FC can alter CPM pre
dictions, our study supports the functional relevance of spontaneous 
connectivity patterns, supporting prior reports linking rs modifications 
to learning (Guerra-Carrillo et al., 2014) and to neurological disorders 
(Hohenfeld et al., 2018).

5.4. Methodological considerations on our analytical approach

While our findings provide evidence for a "core network" involved in 
hand actions, several methodological limitations warrant consideration. 
First, the use of the CPM framework focuses on the predictive role of 
network-wide connections rather than the specific anatomical 

contribution of individual regions. Moreover, this network was identi
fied through a data-driven approach, as the intersection of connections 
across three distinct tasks. Consequently, any interpretation of the spe
cific functional role of each brain region is inherently indirect.

Second, although the observed cTBS effects on the parietal cortex are 
consistent with our previous study (Pierotti et al., 2025) and align with 
effect identified in non-human primate studies (Romero et al., 2022), we 
cannot completely exclude non-specific factors affecting our 
neurostimulation-related findings. Potential confounds—such as 
time-dependent signal drift in the resting-state fMRI data or fluctuations 
in participant arousal over the duration of the experimental ses
sion—may have influenced the results. Future studies employing active 
control stimulation sites or tighter behavioral controls for arousal could 
further isolate the specific neuromodulatory impact of cTBS on this core 
network.

6. Conclusions

We identified a core hand motor network whose rs-FC predicts in
dividual behavioral performance across distinct motor tasks and gen
eralizes its prediction across effectors, tasks and datasets. Our data 
converge with growing evidence that spontaneous brain activity has a 
representational role, embedding behaviorally-relevant information 
that ranges from local motor features to higher-order task-independent 
principles of action control. By showing that these representations are 
distributed, generalizable and sensitive to external perturbation, we 
provide novel insights into the functional relevance of resting-state 
connectivity. Our description provides the starting point for investi
gating how alterations in spontaneous connectivity may also charac
terise motor impairments in neurological conditions.
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