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A B S T R A C T

The Functionnectome framework enables the projection of task-related fMRI signals onto the underlying white matter pathways, using anatomical priors derived 
from structural connectivity. However, the existing “standardized” priors are based on averaged tractograms from healthy controls and cannot accurately capture the 
altered anatomy found in patients with brain lesions.

This study extends the Functionnectome framework by generating individualized anatomical priors from subject-specific diffusion MRI tractography, allowing for 
improved integration of functional and structural data in patients with brain tumors. Twenty-six patients with gliomas (9 females; mean age 43 ± 17 years) un
derwent 3 T MRI, including a multishell diffusion protocol and task-based fMRI targeting motor and/or language functions. Whole-brain tractography was recon
structed using three methods (TensorDet, PFT, and iFOD2) and converted into voxelwise individualized priors. Functionnectome maps were estimated using both 
standardized and individualized priors, and Z-statistic activation maps were obtained via GLM analysis. Similarity metrics and atlas-based consistency were used to 
compare standardized and individualized Functionnectomes.

Functionnectomes derived from probabilistic tractography showed moderate correlations with standardized Functionnectomes (average Pearson’s r ≈ 0.5), 
highlighting the influence of individual structural variability while maintaining comparable activation patterns. The PFT-based Functionnectome exhibited superior 
anatomical plausibility, with consistent overlap with expected motor white matter tracts and identification of relevant bundles in up to 100% of cases, compared to 
50–60% with standardized priors.

The individualized Functionnectome enhances the anatomical validity and subject specificity of structure–function mapping, advancing precision neuroimaging 
for clinical and neurosurgical applications.

1. Introduction

The integration of functional and diffusion magnetic resonance im
aging (fMRI, dMRI), together with the development of novel analytical 
approaches to fully exploit their complementary strengths, is a growing 
field of scientific research. dMRI enables tractography-based recon
struction of white matter pathways, yielding whole-brain tractograms 
that estimate structural connectivity between regions (Basser et al., 
2000; Jeurissen et al., 2017). fMRI, in contrast, captures the temporal 
dynamics of neural activity by measuring the BOLD signal in resting- 
state or task-based paradigms (Chen and Glover, 2015; Logothetis, 
2003). When combined, these techniques offer a richer understanding of 
brain organization, as their integration can reveal patterns of 

synchronized activity, which are supported by specific structural path
ways (Park and Friston, 2013).

Different approaches have been developed over the recent years to 
efficiently integrate the two techniques and maximize the information 
extraction, with promising results (Liégeois et al., 2020; Mandke et al., 
2018; Ritter et al., 2013). Most of these approaches are based on the 
connectomic analysis of the functional and structural connectivity 
(Fornito et al., 2015). These methods attempt to create frameworks for 
the extraction of novel biomarkers, rather than to obtain a direct link 
between structural connectivity and brain function. Other studies have 
followed this research line, aiming to statistically explore the function of 
white matter circuits through the combination of dMRI and resting-state 
(Calamante et al., 2013) or task-based (Nozais et al., 2021; Tarun et al., 
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2020) fMRI. Among these, the Functionnectome (Nozais et al., 2023, 
2021) proposed to project task-related fMRI on the underlying white 
matter connections, to investigate the functional role of specific brain 
circuits. It integrates dMRI and fMRI to derive maps of white matter 
activation, and investigate brain circuits’ functional involvement during 
task-related cerebral processes, based on standardized priors of 
anatomical connectivity. The significance of the Functionnectome in 
investigating the brain circuitry underlying the functional activations 
was demonstrated by showing that plausible white matter pathways 
were involved in presence of motor, language and working memory 
tasks. In addition, the involvement of additional tracts, hypothesized 
based on their location, which had not been verified before in humans 
using classical methods, emerged using the Functionnectome; the 
bilateral frontal superior longitudinal tract is one example, with a role in 
working memory (Nozais et al., 2021; Rojkova et al., 2016).

In both the original Functionnectome framework and its updated 
versions (Nozais et al., 2023, 2021), the anatomical prior of structural 
connectivity, used to project the BOLD signal onto the white matter, is 
based on a template. In practice, the template has been determined once 
by averaging the whole-brain connectivity of a large group of healthy 
controls, and is then re-applied as-is to new subjects. As such, per- 
definition, this “standardized” anatomical priors do not account for 
the individual variability of the subject’s brain structure. Although 
structural connectivity patterns are largely consistent across individuals, 
subject-specific differences are always present and can critically influ
ence brain function (Alstott et al., 2009). This becomes particularly 
relevant in the presence of intracranial expansive lesions, which can 
markedly alter local anatomy. In such cases, standardized anatomical 
priors may fail to accurately represent the true structural connectivity 
between brain regions, especially in the vicinity of the lesion. Addi
tionally, an individualized approach aiming to statistically assess the 
functional involvement of the patient’s white matter tracts during task 
paradigms can be especially relevant for tumoral cases, where preser
ving functionally active brain regions is of paramount importance 
(Castellano et al., 2017; Lakhani et al., 2023).

In this study, we propose and evaluate a novel method to integrate 
individualized structural connectivity information into the function
nectome, aiming to reliably identify the involvement of white matter 
pathways underlying cortical activation in patients with intracranial 
brain tumors.

2. Methods

2.1. MRI data acquisition

Patients with expansive lesions of the brain who had undergone an 
MRI examination at the scientific institute Functional and Molecular 
Neuroimaging Unit, IRCCS Istituto delle Scienze Neurologiche di 
Bologna (Bologna, Italy) were retrospectively included from the data
base of the Neuroimaging Laboratory. All subjects were acquired using a 
Siemens MAGNETOM Skyra 3 T scanner equipped with a high-density 
head/neck array coil (64 channels). The MRI protocol included a high- 
resolution volumetric T1-weighted sequence (MPRAGE, sagittal acqui
sition, 1 mm isotropic voxel, FOV 256 mm, TR/TE = 2300/2.98 ms, TI =
900 ms, flip angle 9◦, acquisition time 5:21 min) and a multishell dMRI 
protocol (2D single-shot EPI sequence, 87 slices, 2 mm isotropic voxel, 
no slice gap, TR/TE = 4300/98 ms, flip angle 90◦, FOV 220 mm) with 
114 independent volumes acquired with anterior-posterior (AP) phase 
encoding direction (8 at b = 0 s/mm2, 12 at b = 300 s/mm2, 30 at b =
1000 s/mm2, 64 at b = 2000 s/mm2, acquisition time 8:41 min) and 50 
independent with posterior-anterior (PA) phase encoding direction (8 at 
b = 0 s/mm2, 12 at b = 300 s/mm2, 30 at b = 1000 s/mm2, acquisition 
time 4:04 min) (Castellaro et al., 2020; Manners et al., 2022). The pa
tients also performed a battery of motor and/or language task-based 
fMRI acquisitions with auditory stimulation, chosen on the basis of 
tumor location, using a block design with 30 s blocks and a total 

acquisition time of 4:30 min (2.5 mm isotropic resolution, TR/TE =
735/37 ms, FOV = 235 mm, flip angle = 53◦). The paradigms are 
described in the Supplementary Material Part 1. The fMRI protocol also 
included a shorter sequence, referred to as “reference scan” in the 
following, with only 2 volumes and the same acquisition parameters, 
except for the TR = 5760 ms, used to achieve better contrast between 
tissues and improve registration with structural images.

A subsample of 10 patients was randomly chosen for initial valida
tion of the results.

The study protocol was designed in accordance with the observance 
of the Code of Ethics of the World Medical Association (Declaration of 
Helsinki) and approved by the local Ethics Committee (CE 738–2021- 
SPER-AUSLBO - 21,141 − ID 2372). Written informed consent was ob
tained from all participants involved in the study.

2.2. MRI data preprocessing

Diffusion MRI data were preproccesed using an in-house written 
pipeline based on FSL (Jenkinson et al., 2012), version 6, AFNI (Cox, 
1996), version 20.3.02, MRtrix3 (Tournier et al., 2019), version 3.0.2, 
and Scilpy, version 1.6.0 (https://github.com/scilus/scilpy.git).

Image denoising was performed with the MRtrix3 dwidenoise func
tion (Dhollander et al., 2019, 2016), which uses a principal component 
analysis approach, with the default settings. Susceptibility-related dis
tortions in the EPI acquisition were estimated from the 16 denoised b =
0 s/mm2 images acquired with AP and PA phase-encoding directions, 
using the FSL topup function (Andersson et al., 2003), with the FSL 
predefined “b02b0.cnf” configuration settings; subsequently, a com
bined correction for susceptibility, eddy-current effects, and signal 
dropout, most commonly induced by subject movement, was performed 
with FSL eddy (Andersson and Sotiropoulos, 2016), based on the topup 
estimates. Images were skull-stripped using FSL bet with a fractional 
intensity threshold of 0.4. The fiber orientation distribution function 
(fODF) was modelled with multishell-multitissue constrained spherical 
deconvolution (Jeurissen et al., 2014) and estimated using both the 
Dhollander algorithm within MRtrix3 dwi2response/dwi2fod 
(Dhollander et al., 2019, 2016) with the Tournier spherical harmonics 
basis (order 8, all shells used) (Tournier et al., 2019) and the Scilpy 
scil_frf_msmt.py/scil_fodf_msmt.py algorithms with the Descoteaux 
spherical harmonics basis (order 8, all shells used) (Descoteaux et al., 
2007), both using the default settings. Image registration to the MNI 
standard space was achieved via linear registration to the T1-weighted 
image using FSL epi_reg (Jenkinson et al., 2002), followed by a non- 
linear registration to the MNI performed with FSL fnirt. The quality of 
the registration was visually checked.

Task-based fMRI data required a minimal preprocessing, achieved 
using part of an in-house written pipeline (Muccioli et al., 2023) based 
on FSL (Jenkinson et al., 2012): fMRI data were motion-corrected using 
FSL mcflirt (Jenkinson et al., 2002) and skull-stripped using FSL bet; the 
correction of susceptibility distortion was performed by applying the 
warpfield estimated from AP-PA dMRI data using topup. Registration to 
the MNI was performed via linear registration to the fMRI reference 
scan, which was then linearly registered to the T1-weighted image using 
epi_reg, and lastly non-linearly registered to the MNI using FSL fnirt, 
followed by a visual check of the result. Other common steps for the 
preprocessing of fMR images, including spatial smoothing, are not 
needed in this framework, because the combination of the fMRI signal 
from distant yet structurally linked voxels has an analogous effect of 
improving the SNR, while being guided by actual brain circuits. This 
ensures high spatial precision and sensitivity (Nozais et al., 2021).

2.3. Functionnectomes derivation

For each available subject and task paradigm, the functionnectomes 
were derived using both the standardized and newly-developed indi
vidualized approaches. While the standardized approach required the 
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fMRI data only, as the anatomical priors were already provided, and 
followed the procedure for the map extraction described in (Nozais 
et al., 2021), the individualized one needed the definition of the method 
for the extraction of the individualized priors as well, which is described 
in Section 2.3.2.

In practice, this is achieved by projecting the fMRI timeseries asso
ciated to a specific brain voxel onto the underlying paths that connect 
this voxel to the rest of the brain. The paths are provided by anatomical 
priors, i.e. probability maps of the existence of a connection between a 
given voxel and any other brain voxel, which serve as weights in this 
framework. Once the functionnectome is extracted, the wide range of 
analytical approaches applicable to (task-)fMRI data is available for the 
novel data as well.

2.3.1. Standardized functionnectome
In the original work, the anatomical priors were estimated from the 

whole-brain tractograms of a normative population of 100 Human 
Connectome Project (HCP) (Van Essen et al., 2013) participants. In the 
latest update of the Functionnectome framework (Nozais et al., 2023), 
the tractograms were generated based on the 3 T data from the HCP, 
acquired using a spin-echo EPI sequence (1.25 mm isotropic voxel, b- 
values = 1000, 2000, 3000 s/mm2, 90 total diffusion directions acquired 
per shell, 18b = 0 images). The whole-brain probabilistic tractography 
was performed using the combination of local and a Particle Filter 
Tracking (PFT) (Girard et al., 2014) within TractoFlow (Theaud et al., 
2020). An algorithm described in (Nozais et al., 2023) was also adopted 
to extend streamlines deeper into the grey matter, ensuring a more ac
curate projection of the BOLD signal onto the white matter. For the 
extraction of the probability maps, the tractograms were then registered 
to the MNI standard brain. Then, for each voxel, all streamlines inter
secting the selected voxel were derived from tractograms, binarised and 
averaged across subjects, using the “Disconnectome” function of the 
BCBtoolkit (Foulon et al., 2018). These “standardized” priors are 

publicly available as part of the Functionnectome framework on GitHub 
(https://github.com/NotaCS/Functionnectome).

The intensity of the functionnectome image in voxel v at time t, 
Functionnectome(v,t), is calculated using Equation (1), where M is a brain 
mask and m identifies a voxel within the mask, Pm is the probability map 
of structural connectivity derived from voxel m, provided by the set of 
standardized anatomical priors, and F(m, t) is the BOLD signal of voxel m 
at time t. 

Functionnectome(v, t) =
∑

m∊M

Pm(v) × F(m, t)
∑

m∊MPm(m)
(1) 

The output functionnectome is a 4D image, where the fMRI data at 
each time point are projected onto the brain to produce a new volume. In 
words, the value of voxel v is equal to the sum of the BOLD signal from 
every voxel in the brain, weighted by the probability of their connection 
to v, and divided by the sum of all those probabilities (Nozais et al., 
2021). The derived functionnectomes were then analyzed by fitting the 
data to the expected variation of the BOLD signal as a function of time, 
using a General Linear Model (GLM) (Woolrich et al., 2001), as most 
commonly done for task-fMRI data. The generation of one function
nectome took about 30 min using 8 CPU cores. The statistical signifi
cance was set at Z-statistic > 3. An example of the estimated 
functionnectome and the resulting statistical analysis of the functionally 
activated areas can be seen in Supplementary Fig. S1.

2.3.2. Individualized functionnectome
This subsection is divided into two paragraphs: the first describes the 

methods used for whole-brain tractography, which constitute the basis 
for the anatomical priors; the second describes how the tractograms 
were converted into the individualized priors.

Whole-brain tractography.
Whole-brain tractography was performed using three different 

approaches: 

Fig. 1. Left: scheme of the conversion of the tractogram to the connectome. The representation of the connectome as a connectivity matrix is achieved by adding the 
weight of each streamline to those matrix elements of the voxelwise connectome that correspond to all the possible combinations of voxels that are crossed by the 
streamline. Right: scheme of the conversion of the connectome to the anatomical priors of structural connectivity. The output connectome obtained by summing the 
streamline weights element-wise in the matrix, is encoded by the different color in each cell. The matrix element corresponds to the probability of the connectivity 
between any two given voxels, and each row describes the connectivity of a specific voxel with every other. Since there is a unique correspondence between the 
matrix element and corresponding position in the MNI space, the rows can then be reshaped to the 3D space, to represent the probability of the connectivity of any 
voxel with every other in the MNI space.
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1. PFT. Particle Filter Tracking (PFT) (Girard et al., 2014) is a local 
probabilistic tractography method, which estimates the distribution 
of potential streamlines using probabilistic samples and weighs them 
using anatomical information provided by an underlying tissue 
segmentation. The PFT tractography was combined with a classical 
local algorithm tractography. This approach was chosen to repro
duce the same method used to construct the standardized anatomical 
prior in the update to the original Functionnectome paper (Nozais 
et al., 2023), and based on Scilpy-derived fODF. To reproduce the 
work by Nozais and colleagues, the parameters used to perform the 
tractography were set analogously: the shape factor for the elongated 
symmetric diffusion tensor of the fiber response function was 1.5 ×
10 − 3 mm2/s; step-size was 0.5 mm; maximal angle between steps 
was 20◦; otherwise default parameters. The seeding was done on the 
whole white matter segmented using FSL fast (Zhang et al., 2001) 
(initially run on the T1-weighted image), with 10 seeds per voxel for 
the PFT and 5 seeds per voxel for the local tracking. The two trac
tograms were combined preserving unique streamlines only.

2. iFOD2. Improved probabilistic streamlines tractography by 2nd 
order integration over fibre orientation distributions (iFOD2) 
(Tournier et al., 2010) is a local probabilistic tractography method, 
that samples streamline directions from the FOD at each point. By 
using a second-order integration scheme, it accounts for local fibre 
orientation uncertainty while reducing directional bias, producing 
streamlines whose distribution reflects the probability of underlying 
white matter pathways. This approach was chosen since iFOD2, 
implemented in MRtrix3 is one of the most widely selected tractog
raphy approaches in the diffusion community. The anatomically 
constrained tractography (ACT) framework (Smith et al., 2012) was 
adopted: a 4D’5-tissue-type’ image was generated from the Free
Surfer segmentation of the brain from the T1-weighted image, using 
MRtrix3 5ttgen; then, the interface between grey (including the 
subcortical nuclei, amygdalae and hippocampi) and white matter 
was generated with MRtrix3 5tt2gmwmi and was used for streamline 
seeding, imposing the anatomically-informed streamline selection 

provided by ACT, a minimum streamline length of 30 mm and 
allowing backtracking. The other parameters were set to the default 
values: step-size was 1 mm, maximal angle between steps was 45◦, 
FOD amplitude cutoff value was 0.05; re-tracking of streamlines was 
allowed, and up to 1 million streamlines were selected.

3. TensorDet. TensorDet is a tensor-based, deterministic algorithm 
(Basser et al., 2000), which, at each streamline step, fits the diffusion 
tensor to the local trilinearly-interpolated diffusion data, and de
termines the streamline trajectory as the principal eigenvector of that 
tensor. A traditional tensor-based tractography approach, which is 
computationally less-requiring than CSD-based ones, was chosen for 
comparison to the CSD-based probabilistic methods. To apply this 
approach, the preprocessed diffusion images were directly provided 
to the algorithm and the 4th-order Runge-Kutta integration was 
used, seeding from the grey-white matter interface as in the iFOD2 
case. Also in this case, the tractography was performed within the 
MRtrix3 framework.

No exclusion masks were used for any of the tractography methods, 
so that crossing tumor tissue was allowed. The tractograms were then 
registered to the MNI standard brain using the combination of linear and 
non-linear transformations previously derived. The MNI brain mask was 
then used to truncate streamlines going outside of the brain and into the 
CSF, and a minimum streamline length of 30 mm was imposed again. 
The final output tractograms in the MNI space were formed by about 1 
million streamlines for each type of tractogram. Examples of whole- 
brain tractograms generated with the three approaches for a single 
case are shown in Supplementary Fig. S2.

Lastly, the Spherical-deconvolution Informed Filtering of Tracto
grams (SIFT2) (Smith et al., 2015) was applied to both the CSD-based 
tractograms (i.e., iFOD2 and PFT). It determines an appropriate cross- 
sectional area multiplier for each streamline, so that a weight repre
senting the streamline “plausibility” could be assigned. In the case of 
TensorDet, a unitary weight was assigned to each streamline, since 
SIFT2 could not be applied to a tensor-based algorithm.

Fig. 2. Example of correspondence between tractogram and functionnectome independent components for the main brain circuits. The slice displayed was the one 
with the highest spatial overlap between functionnectome and tractogram components. Visually, the similarity between tractogram and functionnectome is 
significantly higher for the probabilistic approaches compared to the deterministic one.
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Tractogram to anatomical priors conversion
To optimize the conversion of the individual subject’s tractogram to 

the individualized anatomical priors, the process was divided in two 
steps: firstly, the tractogram was converted to a voxel × voxel con
nectome, then the latter was transformed to the set of subject-specific 
anatomical priors. 

Conversion tractogram to connectome. The conversion of the 
tractogram to a voxel-wise structural connectome (about 200000 ×
200000 matrix in the 2 mm MNI space) was performed with an in- 
house written Python 3.12 code, mostly based on NumPy 2.0 
(Harris et al., 2020) and NiBabel 5.1 (Brett et al., 2023). First, a 
unique identifier was assigned to each of the 91 × 109 × 91 voxels in 
the MNI space, then cropped to the N voxels within the brain mask, 
obtained as the sum of the grey and white matter segmentations 
provided by the 5-tissue-type analysis. Then, a N × N matrix was 
created, ensuring, through the previous step, that there is a one-to- 
one correspondence between the voxel location in the MNI space 
and the row/column of the matrix, via the unique identifier. For each 
streamline, the crossed voxels were extracted, and the streamline 
weight provided by SIFT2 was added to the matrix elements corre
sponding to all the possible pairs of the selected voxels. This pro
cedure is illustrated in Fig. 1 (left side). Repeating the same process 
for each streamline, the final connectome was obtained. As a last 
step, the values were normalized in the [0,1] range. This process 
takes about 1:30–2 h for about 1 million streamlines, using 8 CPU 
cores, and about 30 GB of RAM.
Conversion connectome to anatomical priors. Once the final 
connectome was generated, each row (or column) of the matrix 
corresponded to all the possible structural connections that the voxel 
associated to the selected row had with every other voxel in the 
brain, and the matrix element corresponded to the probability of the 
connection between the two selected voxels, mediated by the sum of 
the weights of all the streamlines that connected those two voxels. 
Given the one-to-one correspondence between the matrix rows/col
umns and the voxel coordinates, each row could be reshaped to build 
the intensity levels in the 91 × 109 × 91 MNI standard space, so that 
the 3D probability map of the connectivity of the selected voxel with 
every other, i.e., the anatomical prior, is obtained. Repeating this 
process for every row of the matrix, we obtain one anatomical prior 
of structural connectivity for each brain voxel, as in the original 
work. A schematic representation of this procedure is depicted in 
Fig. 1 (right side). The resulting set of ~ 200000 3D maps were 
stored into a single hierarchical data format (h5) file (https://www. 
h5py.org/) to save disk space and maintain conformity with the data 
structure of the original work. To reduce the computational time, the 
conversion of rows to the 3D maps was simultaneously performed for 
chunks of 2000 rows: each chunk was converted to a separate h5 file, 
then merged into a single one. The entire process takes about 2 h on 8 
CPU cores for 200,000 voxels and the output file takes about 3 GB on 
disk.

Lastly, the calculation of the functionnectomes and the following 
statistical analysis were performed using the same procedure described 
in Section 2.3.1, but adopting the newly-derived, individualized priors. 
This was possible since the data structure of the anatomical priors was 
preserved equal to the one of the standardized case.

2.4. Experiments

In absence of a ground truth to compare the individualized Func
tionnectome with, we set up three experiments to evaluate the reliability 
of the proposed approach, and compare it to the original one, which are 
described in the three paragraphs of this subsection. The first was to 
evaluate the reliability of the individualized priors, by correlating cor
responding independent components of the functionnectome and the 

tractogram; the second was to evaluate the similarity between the 
individualized and standardized functionnectome activation maps; the 
third was to assess how consistently the plausible tracts underlying ac
tivations were identified by the individualized and standardized func
tionnectomes for each functional paradigm.

2.4.1. Reliability of the priors
The reliability of the priors was evaluated on a subsample of 10 

random patients, following a method similar to the one used in the 
original work (Nozais et al., 2021), which was adapted from 
O’Muircheartaigh’s and Jbabdi’s work (O’Muircheartaigh and Jbabdi, 
2018). It consists of calculating Pearson’s correlation between corre
sponding independent components (ICs) of functional MRI data on one 
side and structural connectome on the other side. Although this is not a 
validation in the strict sense, as there is no ground truth to compare the 
anatomical priors with, this indeed measures their reliability, and it was 
used for this purpose in the original Functionnectome work as well 
(Nozais et al., 2021). The method described by O’Muircheartaigh and 
Jbabdi was reproduced step-by-step, with the only exception that the 
functional data used to extract the independent components were those 
of the functionnectome itself, not the resting-state fMRI, as this sequence 
was not available for all subjects. While task-based fMRI data could be 
used, preliminary analyses demonstrated that the ICs were less clearly 
defined than when using rs-fMRI (except for the network directly 
involved by the task itself), potentially confounding our main goal of 
evaluating the impact of anatomical priors. Thus, we decided to use the 
functionnectomes, acknowledging that we would have had stronger 
correlations compared to the original work, as the functionnectome ICs 
were mainly localized in the white matter as well, by definition.

O’Muircheartaigh’s and Jbabdi’s procedure was implemented in a 
self-written Python 3.12 code based mainly on scikit-learn 1.4 
(https://scikit-learn.org/dev/index.html), including the following 
steps: 

• For each subject separately and using the same approach described in 
section 2.3.2, the tractogram was converted to a (grey matter voxels) 
× (all brain voxels) connectivity matrix, as the aim is to separate 
white matter bundles by clustering paired grey matter’nodes’ and 
white matter’edges’. The connectome was then normalized to have 
mean equal to 0 and standard deviation equal to 1.

• The columns, i.e., the whole brain targets, were shuffled, and 10,000 
columns were iteratively selected. A principal component analysis 
(PCA) was used to reduce the number of variables to 4000; then 
10,000 more columns were added to the 4000 retrieved previously 
and all-together reduced again to 4000, until all columns were 
considered. This dimensionality reduction was needed because ICA 
should not be run with a higher number of variables (the columns, 
whole-brain targets), compared to observables (the rows, grey mat
ter voxels), otherwise the mixing matrix estimate becomes ill- 
conditioned and the decomposition matrix unstable.

• An ICA was applied to the PCA-reduced space to extract 30 spatial 
independent components. The components were then projected back 
to the original space for the visualization and the subsequent 
analysis.

• The ICA was also performed on the 4D functionnectome using FSL 
melodic to also extract 30 independent components.

• Pearson’s correlation between each tractogram and functionnectome 
independent component was calculated. The main tracts tradition
ally considered associated with motor function (cortico-spinal tract), 
language function (arcuate fasciculus), control function (superior 
longitudinal fasciculus), visual function (optic radiations) and 
default mode network (cingulum bundle), were visually identified 
among the functionnectome components. The tractogram compo
nent corresponding to the functionnectome component for those 
circuits was identified as the one with the highest correlation and 
underwent visual verification. We then compared the Pearson’s 
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correlation obtained using the different tractography approaches, to 
establish whether one approach produced significantly more reliable 
results compared to the others. Approaches not passing this valida
tion would be discarded for the following step.

2.4.2. Similarity metrics between functionnectomes
The similarity between each individualized and the standardized 

functionnectome was quantified as a metric to test the reliability of the 
individualized outcomes, compared to the standardized results. Note 
that we did not expect full accord between them, as the uniqueness of 
the single-subject connectivity is the core aspect of using an individu
alized approach. However, a certain degree of similarity was expected, 
since every subject shares analogous structural connectivity patterns. 
After having extracted the activation maps at Z > 3, the Pearson’s cor
relation was calculated between the Z-statistic maps at the intersected 
voxels, while the Dice coefficient was estimated between the entire 
binarized masks. The rationale of using the Dice coefficient in addition 
to the Pearson’s correlation was to evaluate the agreement between 
outputs, not only in terms of the distribution of the statistical signifi
cance of the activations, but also of the spatial overlap of the maps. In 
addition, the percentage overlap of the thresholded Z-statistic maps with 
a manually-drawn segmentation of the tumor was measured. Group- 
level comparison of the similarity metrics between the different ap
proaches was conducted separately for motor and language tasks. Met
rics were computed on the subsample of 10 patients, with the goal of 
identifying the most effective individualized method relative to the 
standardized case, and ultimately selecting one to advance to the final 
step of the analysis.

2.4.3. Functionnectome overlap with tract atlas
The final step was to evaluate the plausibility and consistency of the 

white matter pathways derived with both individualized and standard
ized functionnectomes as compared to an anatomically driven dissection 
of white matter pathways (Radwan et al., 2022). For this step, all 26 
available patients were considered. The template tracts were provided in 
the.tck format and converted to NIfTI using MRtrix3, in order to 
compare them with the Z-statistic images of the functionnectome. For 
each subject, we measured the percentage overlap between the func
tionnectome and each of the 68 template tracts, and extracted the five 
tracts with the highest overlap. Then, for each tract, we calculated the 
proportion of subjects in which it appeared among the top five, using 
this value as an estimate of across-subject reproducibility. The overlap of 
the individualized and the standardized functionnectomes with the atlas 
tract was calculated for each task separately, thresholding the activation 
maps at Z > 3, Z > 4 and Z > 7. A qualitative inspection was conducted 
to assess the plausibility of the paths identified by the functionnectome, 
based on the template tracts that they overlapped most.

2.5. Statistical analysis

Statistical analyses were conducted using self-written R 4.2.3 codes, 
based on rstatix 0.7.2.

A Shapiro-Wilk test was run to check the normality of data distri
bution before the statistical comparison. Based on the result, a t-test or a 
Mann-Whitney U test was run to compare: the Pearson’s correlation 
between functionnectome and tractogram independent components 
across the three tractography approaches; the Pearson’s correlation and 
the Dice coefficient between the standardized and the individualized 
functionnectomes.

Statistical significance was set at p < 0.05 after correction for mul
tiple comparisons using the false discovery rate method.

3. Results

3.1. MRI acquisition

Twenty-six patients (9 females, age: 43 ± 17 years) with brain gli
omas were included. Sixteen tumors were classified as glioblastoma 
IDH-wildtype, 7 as astrocytoma (5 IDH-mutant grade II, 1 IDH-mutant 
grade III, 1 pilocytic) and 3 as glioneuronal. Thirteen gliomas were 
located in the left hemisphere (among which 8 in the frontal, 3 in the 
temporal, and 2 in the parietal lobe), twelve in the right hemisphere (4 
frontal, 2 fronto-temporal, 1 fronto-parietal, 2 parietal, 1 hippocampal), 
and one was median (parieto-occipital).

A total of thirty-one language tasks (20 phonemic fluency, 11 se
mantic fluency) and 45 motor tasks (13 bilateral finger tapping, 5 
bilateral foot plantar flexion and 9 lip protrusion) were available across 
subjects. Sup. Table S1 summarizes these results, by grouping the 
location of the tumor and the fMRI tasks performed for each tumor 
classification.

3.2. Tractogram to anatomical priors conversion

An example of the anatomical prior derived for a single voxel using 
the three individualized approaches, compared to the standardized one, 
is shown in Supplementary Fig. S3. In general, we observed that all the 
individualized methods were successful in providing the desired speci
ficity of the individualized connectivity for the subject under study. 
They typically corresponded to a subgroup of all the connections found 
across 100 subjects and accounted for in the standardized priors, and 
they were usually associated to a specific family of fibers among asso
ciation, projection and commissural. As a result, the standardized priors 
extended to larger portions of the brain, typically spanning different 
lobes, while the individualized ones were only or mainly representative 
of a single fiber population.

3.3. Functionnectome estimation

An example of the estimated 4D functionnectomes and processed Z- 
statistics activation maps are reported in Supplementary Fig. S4. In 
general, we observed that, while the standardized functionnectomes 
covered the entire MNI brain mask, the individualized ones were more 
consistent with the subject-specific anatomy. Additionally, while CSD- 
based functionnectomes appeared qualitatively similar, the tensor- 
based one had strong and unplausible intensity gradients in neigh
bouring voxels. Moreover, the PFT-based functionnectomes covered 
larger portions of the grey matter compared to the iFOD2-based one, 
confirming that the first method provides anatomical priors extending 
deeper into the grey matter.

3.4. Experiments

3.4.1. Reliability of the priors
Examples of the corresponding tractogram and functionnectome 

components for the main brain circuits in a single subject are reported in 
Fig. 2. To show the comparison among the three individualized ap
proaches, the same subject was selected for each approach, especially 
based on the TensorDet result, which had significantly lower spatial 
extension and was visually harder to identify with respect to the others; 
therefore, note that the result shown was not the best one achieved for 
each modality. The average Pearson’s correlation across subjects (mean 
± standard deviation) between the tractogram and the functionnectome 
independent components for the motor, language, control, visual and 
default mode circuits is reported in Table 1. The statistical analysis 
demonstrated a significant difference in the results between the proba
bilistic and the deterministic methods for each of the circuits evaluated 
(p < 0.05). Based on these results, the TensorDet-based method was 
discarded for the following steps. Additionally, the correlation was 
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significantly higher for PFT compared to iFOD2 for the control and vi
sual circuits (p < 0.05). The correlation values ~ 0.5 for most of the 

evaluated circuits using PFT and iFOD2 indicated that about 25 % of the 
variance of the functionnectome component was explained by the 

Table 1 
Pearson’s correlation between the tractogram and the functionnectome independent components for the motor, language, control, visual and default mode circuits. * =
adjusted p < 0.05; ** = adjusted p < 0.01; *** = adjusted p < 0.001; **** = adjusted p < 0.0001.

Fig. 3. Functionnectome activation maps for two motor tasks, lip protrusion and left foot plantar flexion. The two individualized cases, which have a good overlap, 
when compared to the standardized one, appear to be more selective of involved regions and to have a higher statistical activation in correspondence of the motor 
corpus callosum for lip protrusion and the right cortico-spinal tract for the left foot plantar flexion. The fMRI Z-statistic map for both motor tasks is also shown on the 
right side of the image. fcntm = functionnectome.

Fig. 4. Functionnectome activation maps for two language tasks, phonemic and semantic fluency. The two individualized cases, when compared to the standardized 
one, appear to be more selective of the involved white matter circuits and they have a much lower overlap with the tumor. The fMRI Z-statistic map for both language 
tasks is also shown on the right side of the image. fcntm = functionnectome.
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corresponding tractogram component.

3.4.2. Similarity metrics between functionnectomes
Results of the activation maps of the functionnectomes derived in the 

individualized and standardized cases are shown in Fig. 3 for two cases 
of motor task and in Fig. 4 for two cases of language tasks. In both cases, 
the individualized maps overlapped well with each other, with the PFT 
approach covering a slightly larger area than iFOD2, which is even more 
evident in the language case. Compared to the standardized maps, the 
individualized ones, while preserving a similar structure, do not extend 
as much. While the overlap with tumor is small both in the standardized 
and individualized functionnectomes for motor tasks, it is significantly 
higher for language tasks using the standardized method.

The average result (mean ± standard deviation) across subjects of 
the similarity metrics is reported in Table 2 for the motor tasks and 
Table 3 for the language tasks. Considering the motor tasks, the Pear
son’s correlation was significantly lower (p < 0.01) between the stan
dardized approach and both the individualized ones (0.57 ± 0.12 for 
standardized-PFT, 0.51 ± 0.10 for standardized-iFOD2), compared to 
the correlation between the PFT and the iFOD2 (0.75 ± 0.06). An 
analogous result was found for language tasks, where also a lower cor
respondence emerged between standardized and iFOD2 (0.45 ± 0.09), 
compared to standardized and PFT (0.55 ± 0.07). For both motor and 
language tasks, the Dice coefficient showed similar values when 
comparing standardized with PFT (0.57 ± 0.08) and PFT with iFOD2 
(0.58 ± 0.05) functionnectomes, while they were significantly higher 
than the ones obtained comparing standardized with iFOD2 (0.38 ±
0.07) functionnectomes. Together, these results suggest that there is a 
greater overlap in terms of the extension of the activation maps between 
the standardized and individualized PFT approaches. However, the 
higher Pearson’s correlation between the two individualized methods 
indicates that the individual characteristics, which can only be 
accounted for by the individualized approaches, retain a high relevance. 
The standardized activation maps had overall a greater overlap with 
tumor compared to the individualized ones. The difference between the 
methodologies was significant for language tasks (p < 0.01): while the 
standardized case exhibited a percent overlap of 58 ± 30 %, the PFT had 
8 ± 13 %, and iFOD2 2 ± 3.

Given the higher overlap and correlation between the standardized 
and the PFT approaches, compared to iFOD2, the PFT individualized 
functionnectomes were selected for the following step.

3.4.3. Functionnectome overlap with tract atlas
For motor tasks, the individualized functionnectome achieved higher 

consistency in identifying the most plausible motor tracts (such as the 
cortico-spinal tract and the motor corpus callosum), compared to the 
standardized functionnectome, which instead showed typically lower 
values and maximum for cerebellar tracts. In particular, for the right 
finger tapping (N = 13 patients), at Z > 3 the PFT functionnectomes 
mostly overlapped the left dentato-rubro-thalamic tract (77 % of the 
cases), cortico-spinal tract (69 %) and motor corpus callosum (54 %), 
while the standardized case had generally lower across-subject agree
ment and mostly overlapped the right middle cerebellar peduncle (46 
%). Very similarly, for the left finger tapping (N = 13), at Z > 3 the PFT 

functionnectome mostly overlapped the motor corpus callosum (69 %), 
while the standardized case; with overall lower percentages, had the 
highest overlap with with the left (46 %) and right (53 %) inferior 
cerebellar peduncles. In the case of the right foot plantar flexion (N = 5) 
task, at Z > 3 the PFT functionnectome achieved the highest across- 
subject overlap for the the left cortico-spinal tract, medial lemniscus, 
parietal thalamic radiation and middle cerebellar peduncle (60 %), 
while the standardized case reached the highest percentages for the left 
middle and inferior cerebellar peduncles (60 %). Similarly, for the left 
foot plantar flexion (N = 5) task, at Z > 3 the individualized function
nectome had perfect consistency in identifying the right cortico-spinal 
tract and medial lemniscus (100 %), whereas the standardized case 
had the best overlap with the right parietal thalamic radiation and 
medial lemniscus (60 %). For lip protrusion tasks (N = 9), the across- 
subject consistency of the tract overlap was not as good as in the pre
vious cases, being below 45 % for each tract both in the individualized 
and standardized scenarios.

Fig. 5 shows the overlap of the functionnectome activation maps at Z 
> 3 for each of the motor tasks, which are shared by at least 50 % of the 
involved subjects. The visual inspection of these images notably 
revealed that the shared maps across individualized functionnectomes 
had a much better integrity along the course of the involved white 
matter circuits, compared to the standardized case.

Considering language tasks, there was a higher correspondence be
tween shared tracts in the individualized and standardized case, with 
both approaches exhibiting the highest percentages for the same un
derlying circuits. In particular, for the phonemic fluency (N = 20), a high 
consistency in identifying the cerebellar connections (right and left, 
middle and inferior cerebellar peduncle) was observed (ranging be
tween 50–75 % for PFT functionnectome and 50–70 % for standard
ized). However, the frontal aslant tract (30 % for both approaches) and 
the arcuate fasciculus (25 % for PFT, 30 % for standardized) were also 
identified. Also for the semantic fluency (N = 11) a good correspondence 
between the PFT and the standardized approaches was observed. 
However, in this case, the most overlapped tract was the left frontal 
aslant tract achieving 64 % for PFT functionnectome and 54 % for 
standardized. Interestingly, at Z > 7, the left arcuate fasciculus was the 
most shared tract using both methods (54 % for PFT, 45 % for stan
dardized), indicating that, even though the activations were diffuse, the 
most significant ones were located on the main language-associated 
tract.

The visual inspection of the overlap of the Z > 3 Functionnectome 
activation maps shared by 50 % or more of the subjects for the two 
language tasks, reported in Fig. 5, demonstrates that both the individ
ualized and standardized approaches well overlap the tracts involved in 
language circuits, with the individualized one extending less into the 
recruited regions.

Detailed results for each task are presented in Supplementary Ma
terial Part 2 and Supplementary Fig. S5-11.

4. Discussion

In this work, we proposed a new approach to leverage individual 
structural connectivity within the Functionnectome framework and 

Table 2 
Mean ± standard deviation across subjects of Pearson’s correlation and Dice coefficient between functionnectome activation maps obtained using PFT, iFOD2 and 
standardized priors for motor tasks. * = adjusted-p < 0.05; ** = adjusted-p < 0.01; *** = adjusted-p < 0.001; **** = adjusted-p < 0.0001.
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evaluated it in patients with brain glioma. By redefining the generation 
of anatomical priors with probabilistic tractography, we accounted for 
inter-individual variability and anatomical variability while maintain
ing compatibility with the original framework. The resulting individu
alized functionnectomes were reliably constructed and partially 
overlapped with their standardized counterparts, with stronger agree
ment when derived using the PFT method, which we selected for further 
evaluation. Importantly, the individualized approach showed higher 
consistency in recovering plausible tracts associated with motor acti
vations, and achieved comparable performance to the standardized 
approach for language tasks, supporting its applicability for subject- 
specific analyses.

This approach is completely data-driven and it is generally appli
cable without any assumption on the underlying data. The process to 
create the individualized anatomical prior was based on an approach 
similar to that presented by Nozais and colleagues in the latest update of 
the Functionnectome (Nozais et al., 2023), i.e., starting from a whole- 
brain tractogram. The key difference lies in the conversion of the trac
togram to the set of anatomical priors: while in the original work they 
are the result of an average of the connectivity across a group of 100 
healthy controls, here they were generated at the single subject level, 
preserving the connections reconstructed in the individual’s specific 
tractogram and weighted to build a probability map based on their 
anatomical plausibility (Smith et al., 2015).

The need for an individualized translation of the existing group level- 
derived method was motivated by the fact that the anatomical structure 
of the brain can be severely disrupted in cases of expansive brain lesions, 
so that the structural connectivity extrapolated from healthy controls 
cannot be reliably applied. Additionally, recent evidences suggest that 
long-range alterations on the brain structural connectivity may emerge 
in the presence of glioblastoma (Salvalaggio et al., 2024). This view is 
consistent with a broader movement in the field toward individualized 
approaches for the study of neurological diseases, in line with the goals 
of precision medicine for diagnostic and therapeutic purposes (Bansal 
et al., 2018; Ibrahim et al., 2021; Sighinolfi et al., 2022). Within this 
context, our results show that individualized priors lead to meaningful 
differences in the functional involvement of white matter tracts 
compared to standardized priors. Although the absence of a definitive 
ground truth complicates validation, the observed spatial distribution of 
WM activations more closely matched the tracts expected to underlie 
specific functions, with a higher specificity to each patient’s anatomy.

Our results showed that individualized functionnectomes exhibited a 
more plausible overlap with typically expected white matter bundles 
across subjects compared to the standardized version. The advantage 
was particularly clear for motor tasks: individualized functionnectomes 
consistently identified the relevant motor tracts, reaching 100 % overlap 
for the left foot plantar flexion, whereas the standardized approach 
mainly involved cerebellar pathways and at lower frequencies. This 
indicates that, given the same input spatial distribution of functional 
activation, the clusters were localized in grey matter regions that were 
indeed linked by the plausible WM pathways based on the subject- 
specific structural connectivity, yet following a path with low proba
bility based on the average connectivity of the normative group of 
healthy controls. The difference persisted at higher Z thresholds, where 
individualized functionnectomes maintained strong involvement of 
motor tracts, a result not reproduced by the standardized method. The 
difference between the two approaches was lower for language tasks, 
mainly showing the involvement of cerebellar pathways in both cases. 
On one side, this may be due to the fact that the cerebellar pathways, 
being uninvolved by the tumor mass, are better reproducible across 
subjects; on the other side, since the language function is more complex 
and functionally involves several different brain regions, the projection 
of the BOLD signal onto the white matter corresponds to a widespread 
activation of pathways, which does not allow us to properly differentiate 
the most relevant ones at low Z thresholds. However, the most important 
language tract, the arcuate fasciculus, was the most consistently iden
tified at higher Z thresholds, suggesting that it still had the greatest 
statistical involvement. Together, these results suggest that, at least for 
selective functions, the individualized approaches retain a higher ac
curacy and specificity than the standardized method, which can be 
especially relevant in cases of disrupted anatomy and connectivity.

Among the three attempted tractography approaches, the two CSD- 
based probabilistic ones performed similarly in terms of reliability of 
the priors, while the deterministic tensor-based approach achieved 
poorer results. Firstly, this might be explained by the relatively low 
number of streamlines selected for a whole-brain deterministic tracto
gram; however, a larger number of streamlines would have significantly 
increased the computational time of the tractogram-to-connectome 

Table 3 
Mean ± standard deviation across subjects of Pearson’s correlation and Dice coefficient between functionnectome activation maps obtained using PFT, iFOD2 and 
standardized priors for language tasks. * = adjusted-p < 0.05; ** = adjusted-p < 0.01; *** = adjusted-p < 0.001; **** = adjusted-p < 0.0001.

Fig. 5. Percentage of subjects sharing the same voxel in Z > 3 activation maps 
of PFT (individualized) and standardized functionnectomes for each available 
motor (top) and language (bottom) task. For motor tasks, it is evident that the 
individualized approach more robustly reproduced motor pathways in their full 
course across subjects, compared to the standardized one. In the case of lan
guage tasks, the two functionnectome approaches are evidently 
more overlapped.
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conversion, which is done streamline-wise and takes about 60 min for 1 
million tracks. As a consequence, the time required to convert at least 10 
times more streamlines would make the performance not comparable 
with the other two methods. Another reason for the poorer reconstruc
tion may be that, due to the nature of the tensor-based model, the po
tential range of paths between voxels might be reduced, compared to the 
diversity that is ensured by drawing the direction from the orientation 
distribution function (Farquharson et al., 2013; Radwan et al., 2022; 
Tallus et al., 2023). Both the probabilistic approaches achieved a cor
relation between the tractogram and the corresponding functionnec
tome components around 0.5 for the main brain circuits, which 
corresponds to an explained variance of about 25 %. Therefore, the 
tractogram explains only a relatively small portion of the variance in 
functionnectome, even when generated with the individual tractog
raphy of the patient, implying that the greatest part of the information is 
given by the BOLD signal of the grey matter voxels, rather than the 
pathways over which it is projected. The correlation values we observed 
are considerably higher than those reported by O’Muircheartaigh & 
Jbabdi (O’Muircheartaigh and Jbabdi, 2018), which is consistent with 
the methodological differences between the two approaches. Specif
ically, their correlations were computed between tractogram and 
resting-state independent components, whose spatial distributions 
overlap only modestly because resting-state fMRI activity primarily re
flects grey-matter signals, whereas tractography reflects white-matter 
organization. In our analysis, correlations were instead computed with 
Functionnectome components, which, by construction, are mostly 
localized within the white matter—hence a greater anatomical corre
spondence and higher correlation values. Accordingly, the threshold for 
significance was 0.22 (≈5% variance explained) in the original 
approach, compared to the 25 % variance explained in our 
Functionnectome-based results.The observed correlation values are 
much higher than those from the original work (O’Muircheartaigh and 
Jbabdi, 2018), compatibly with the fact that resting-state fMRI ICs 
clearly have a lower overlap with the tractogram ICs, compared to the 
Functionnectome ones. Accordingly, the significance of the correlation 
between the tractogram and the resting-state components was set at 
0.22, corresponding to 5 % of the variance explained, compared to the 
25 % we found using the Functionnectome.

The agreement between the standardized and the individualized 
functionnectomes was relatively good for both the cases of the PFT and 
the iFOD2. As expected, there was not a perfect overlap, since the core 
idea behind this work was to adhere to the individual subject’s idio
syncrasy of the connectivity, and avoid to use the average connectivity 
of multiple normal controls. However, by achieving a correlation around 
0.5, it was demonstrated that the individualized approach, with the re- 
definition of the probability maps, qualitatively maintained the same 
structure and basic information as the original, standardized one, pro
jecting the functional data on similar pathways and with comparable 
statistical values. The correlation, and even more so the Dice coefficient, 
between the PFT and the standardized functionnectomes was higher 
than the one between the iFOD2 and the standardized ones. While this 
result is reasonable considering that the PFT functionnectomes were 
based on the same tractography method used to generate the stan
dardized priors (Nozais et al., 2023), this may also be partly due to the 
fact that the PFT, by the nature of the algorithm (Girard et al., 2014), 
tends to extend streamlines deeper into the grey matter, thus producing 
larger volumes of significantly activated regions when the fMRI signal is 
projected onto the white matter and the standardized functionnectomes 
cover the entire MNI brain volume by definition. However, it is also 
relevant to note that Pearson’s correlation was the highest between the 
two individualized approaches, compared to their correlations with the 
standardized functionnectomes. This suggests that the individual vari
ability, which is accounted for by both the individualized functionnec
tomes, has a greater relevance to the final output than the tractography 
method itself. The lower overlap with tumor of the individualized ap
proaches with respect to the standardized ones was expected by 

definition of the anatomical priors, as streamlines could not cross re
gions where the FOD amplitude was below threshold, which is very 
likely the case of tumor areas, at least in their core.

The main limitation of the proposed method is the absence of a 
ground truth to compare it with. However, we proposed three evalua
tion approaches, to demonstrate its stability and potential: the reliability 
of anatomical priors, to ensure a good basis for the development of the 
method; the similarity with the standardized approach, which repre
sents the reference for the novel approach; the analysis of plausibility 
and consistency, which demonstrate the superior results of the new 
approach.

Another general limitation is the heterogeneity of the clinical con
dition of our cohort. Since a specific tumor type was not selected as an 
inclusion criterion in this study, we cannot make generalized clinical 
inference on the information that the individualized Functionnectome 
may provide on the pathology. Moreover, in general, we cannot exclude 
the possibility that specific tumor types may be more suitable for the 
individualized evaluation than others, for which a standardized frame
work would be sufficient, thus inflating our results. Analogously, we did 
not perform a search of the optimal tractography parameters in the tu
moral cases, as this was outside the scope of this work, thus we cannot 
exclude that it would be possible to achieve equal or better results after 
parameter tuning. However, there is extensive evidence that advanced 
tractography methods, including CSD-based ones, can achieve accurate 
tract reconstruction, with improved sensitivity to peritumoral edema 
(Yeh et al., 2021). The final CSD-based tractography approach (PFT) 
selected from this study, which demonstrated better performance than 
the original method, is the same as the one used to generate standard
ized priors (Nozais et al., 2023), suggesting that the improvement is 
related to the individual-specific reconstruction, rather than the trac
tography method itself. On the other hand, this also shows that the 
methodological approach we proposed can be reliably applied to 
different type of brain tumors. Indeed, in principle, the individualized 
Functionnectome is applicable to any condition, including healthy 
controls, even if its core potential is more readily evident in cases of 
altered morphology.

The individualized Functionnectome mostly suffers from the same 
limitations as whole-brain tractography (Jeurissen et al., 2017), espe
cially the presence of false positives and the overrepresentation of the 
most straightforward pathways; however, these aspects are mitigated, 
on one side, by the fact that the final output map of this analysis consists 
of a statistical assessment of the functionnectome data, so that potential 
false positive will not have a high impact on the result if they are sparse, 
and, on the other side, by the streamline weighting provided by SIFT2. 
Additionally, the same limitations of fMRI, including the low SNR and 
the sequence duration and temporal resolution, apply to the Function
nectome as well. Longer fMRI acquisitions would most likely produce 
more selective results.

As much as the limitations of the underlying dMRI and fMRI tech
niques apply to the Functionnectome, the advantages are inherited as 
well. From the perspective of fMRI, this implies for example that the 
analytical techniques developed for functional data, such as effective 
connectivity, dynamic connectivity and pattern analysis could be 
applied to the Functionnectome as well, supporting the great potential of 
this novel technique. The main open question that adopting this pro
cedure arises is whether using the individualized approach, which has a 
higher computational cost, can provide outcomes with a higher clinical 
significance compared to the standardized one. This could not be tested 
in this work, as clinical scales to quantify the patient’s condition were 
not available. However, to correlate or test the capability of clinical 
outcome prediction of the functionnectome outputs would be a next 
crucial step. Another future direction would be to compare the indi
vidualized and standardized results in healthy controls as well: this 
would provide additional insights to find whether the improved out
comes that emerged in the presented sample are mostly related to the 
technique itself or to the unique anatomy that characterizes patients 
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with expansive lesions. Lastly, this personalized method, if validated, 
could have a relevant role in the presurgical planning of glioma patients: 
it would provide a unique information of the statistical involvement of 
the white matter pathways in key functions that must preserved at 
resection.

5. Conclusions

We presented a new approach to integrate functional and diffusion 
MRI data into a single output, based on the conversion of an existing 
method, the Functionnectome, from a group level-based to a fully 
individual-dependent framework. We proposed a different approach to 
achieve an analogous outcome using individualized probability maps of 
connectivity derived from the subject-specific tractography. The results 
showed that Functionnectome activation maps retrieved using proba
bilistic tractography-based priors can achieve a good across-subject 
reproducibility, improving the standardized method, and a more 
anatomically plausible overlap with the underlying tracts of known 
associated functions. This demonstrates the feasibility and the potential 
relevance even in clinical applications of the use of the individualized 
approach to estimate functionnectomes, and, on a broader view, it 
represents a step forward towards personalized medicine.
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