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Abstract. The dynamic nature of the human brain
through aging brings forth structural and functional
changes that contribute to cognitive decline and increase
the risk of neurodegenerative disorders. Predicting brain
age, particularly through deviations from chronological
age, can serve as a significant indicator of pathological
aging. In this study, we integrate geometrical
deep learning with neuroimaging data to predict brain
age. We construct Graph Convolutional Networks
by using resting-state magnetoencephalography data
and structural connectivity measures derived from
diffusion-weighted magnetic resonance imaging. These
networks incorporate cortical morphometry and spectral
features as node annotations to capture the multivariate
patterns of age-related brain changes. Our findings
highlight the effectiveness of Graph Convolutional
Networks in leveraging functional and structural brain
connectivity to predict brain age. This approach
underscores the potential of graph-based deep learning
methods in advancing our understanding of brain aging
and its implications for neurodegenerative conditions.
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1 Introduction

The human brain undergoes dynamic changes
throughout life, with aging in adulthood leading
to structural and functional changes that

contribute to gradual cognitive decline [87].
While these age-related changes are not
inherently pathological, the likelihood of developing
neurodegenerative disorders increases with age
[1, 61]. Emerging research suggests that certain
neurodegenerative conditions may stem from
processes associated with accelerated brain

aging [41].

In this context, preventive medicine can greatly
benefit from individualized quantification of atypical
aging, as significant deviations between predicted
and chronological age may indicate pathological
aging [51]. Understanding and identifying
biomarkers that define healthy aging is crucial
for detecting early-stage neurodegeneration
and predicting age-related cognitive decline.
One promising approach involves leveraging
neuroimaging and electrophysiological data to
capture multivariate patterns of age-related
brain changes and formulating high-dimensional
regression boundaries to accurately predict the
age of healthy individuals. Machine learning (ML)
models, trained on neurotypical subjects, can then
be applied to clinical samples to reveal aberrant
age-related changes, providing a population-level
tool for assessing brain aging.

This approach has been validated under different
neuropathologies, such as Alzheimers [28, 32,
, 31], traumatic brain injury [12], schizophrenia
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[47, 911, HIV [49, 13], epilepsy [63], and Down’s
syndrome [11].  Additionally, predicting brain
age has extended beyond neurological disorders,
showing positive impacts of meditation [57], diet
[62], increased education, and physical exercise
[73, 80] on brain age.

The aforementioned studies have predominantly
focused on estimating brain age by analyzing
gray matter morphometry or spectral features
from various brain regions of interest (ROls).
However, it is essential to recognize that the brain
operates as a complex network of interconnected
neural circuits, facilitated by white matter tracts
that directly link different brain regions [2], and
functionally supported by the coordinated activity
between these distinct brain regions [67]. Both
structural and functional connectivity within this
neural network undergo significant age-related
changes during healthy aging [16] and exhibit
distinct patterns in various neural diseases [60,

, ©5]. Surprisingly, these properties have often
been overlooked as potential features for predicting
brain age.

To explore the significance of brain topology
and integrate it with functional and structural
information into age prediction models, we
employed a Graph Convolutional Network
(GCN) architecture on graphs generated from
resting-state magnetoencephalography (MEG)
data and structural connectivity measures derived
from diffusion-weighted Magnetic Resonance
Imaging (dMRI). Within this framework, each node
was annotated with both gray matter morphometry
(GMM) and spectral features.

2 Related Work

Numerous studies have delved into the intricate
dynamics of age-related changes in the human
brain, recognizing the crucial role of these
alterations in cognitive decline and the onset of
neurodegenerative disorders. These investigations
underscore the potential of individualized
quantification of atypical aging as a means
for the early detection of pathological conditions.
In this section, our focus shifts exclusively to
works published between 2018 and 2023 that
leverage the Cam-CAN dataset detailed in Section
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3.1, either independently or in conjunction with
another database. These studies predominantly
concentrate on estimating brain age based on
morphometric or spectral data from different brain
regions of interest (ROIs), extracted from structural
magnetic resonance imaging (T1-weighted MRI)
and M/EEG data, with the former being the most
prevalent and exhibiting the best performance.
However, most overlook the underlying topology
of the brain, neglecting critical information related
to the neighborhood, connectivity, or distribution of
power and frequencies among ROls.

For instance, Support Vector Machines (SVM)
have been used on vectorized gray matter volume
images, achieving a regression performance of
R=0.91 with a MAE=5.46 years [50]. If not
vectorized, the 3D gray matter volumes can be
used to train 3D Convolutional Neural Networks
[25, , ], obtaining correlation values as
high as R=0.97 and MAE=4.06 years. These
results were obtained using multiple datasets,
including Cam-CAN. These studies demonstrate
the effectiveness of CNN in capturing age-related
morphological changes in the brain. GMM
features, such as volume, surface area, cortical
thickness, mean curvature, Gaussian curvature,
folding index, and intrinsic curvature, extracted
from parcellated gray matter volumes, have been
used to train linear and non-linear models such as
Ridge regression [59] and XGBoost[17], reporting
results of R=0.889 with MAE= 6.79, and R=0.9 with
MAE = 6.66.

Additionally, 2D CNNs [54], SVM [49, 33],
transfer learning models[5] such as AlexNet,
VGGNet5, and ResNet5, elastic net Regression
[4], siamese networks [86], and linear regression
models [60] have been employed to capture
the spatial topology of functional or structural
connectomes, either by using the connectome as
a 2D image or by extracting features using graph
theory modeling.

Nevertheless, these models are designed for
Euclidean spaces and may yield misleading
conclusions when applied to graphs, since
they are inherent inhabitants of non-Euclidean
spaces. Furthermore, these approaches cannot
incorporate node embeddings in the graph as part
of the feature space.
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While these studies validate the effectiveness
of their chosen techniques, none has
dedicated itself to methodologies that integrate
electrophysiological, morphological, and
connectomical data into a framework that best
aligns with the brain’s architecture.

In contrast, the present work achieves this
integration through the use of Graph Convolutional
Networks (GCN).

3 Materials and Methods

This section describes the feature extraction
technigues and Deep Learning algorithm
employed to tackle the challenge of age prediction,
accompanied by a detailed description of the
dataset.

The proposed algorithms were implemented in
Python 3.9 on the Ubuntu 20.04 distribution.
Specifically, the deep learning model was
constructed utilizing PyTorch version 2.0.1.

3.1 Dataset

We conducted the analysis using data sourced
from the open-access Cambridge Center for Aging
Neuroscience (Cam-CAN) repository (refer to [71,

], for detailed information on the dataset and
acquisition protocols).

The dataset is accessible through the link in the
footnote’.

Specifically, our investigation utilized
neuroimaging and electrophysiological data
from a cohort of 652 healthy subjects.

After exclusions, which involved subjects
lacking both MRI and MEG data, unsatisfactory
preprocessing results, or failure to extract the
cortical surface for source reconstruction, our final
dataset comprised 606 subjects (male/female =
305/301, mean age = 54.9 + 18.18, age range
18-88 years).

Thttp://www.mrc-cbu.cam.ac.uk/datasets/camcan/

3.1.1 Magnetoencephalography

MEG measures magnetic fields associated with
electrical currents resulting from neuronal activity
[9].  The electrical currents generating these
magnetic fields are composite signals from
multiple neuronal sources, formed by the temporal
and spatial summation of transmembrane ionic
currents [72].

These currents lead to postsynaptic potentials,
causing sinks or active sinks depending on
whether the synapse is excitatory or inhibitory. The
resulting compensatory extracellular currents can
be modeled as a dipolar system, influenced by the
local tissue’s electrical properties.

Activation of a cortical region involves the
spatiotemporal coactivation of numerous neuronal
bodies, forming large current dipoles with their
associated magnetic fields. These signals can be
recorded using an array of external sensors as
shown in the leftmost panel in Figure 1.

However, electrodes capture a linear mixture of
all nearby dipoles, complicating source localization
and requiring interpretation of brain topography.
Forward and inverse modeling assist in this
interpretation by disentangling time series from
overlapping sources. The forward problem, which
describes how active sources generate sensor
patterns, can be computed using source and
volume conductor models. Assuming the useful
frequency spectral range for electrophysiological
signals is below 1 kHz, Maxwell's quasi-static
approximations describe the source physics.

The Biot-Savart equation [35] relates the current
flow J(r’) to the magnetic field B(r):

B(r) = @/J(r’) « TTT )

T Arx [lr —¢'||3

The current density in the head includes primary
currents J?(r’), related to neuronal activity, and
volume currents JV (r'), resulting from the electric
field’s influence on extracellular charge carriers.
This can be expressed as:

J(') = JP() + IV (') =
JP() +o(x)E() =
JP() —o(x)VV ('), (2)
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with E(r') = -—VV(r) due to quasi-static
properties, and o(r’) representing the head’s
average conductivity. The primary current
distribution can be approximated by an equivalent
current dipole JE(r') = qd(r’ — r,), where 6(r) is
the Dirac delta function, and q is the moment.

Source
Modeling

Fig. 1.
extraction in MEG data. The image shows the acquisition
of brain signals using a MEG helmet, followed by source
modeling to identify active regions in the brain and
feature extraction from the parcellated source model for
further analysis

Process of source modeling and feature

This leads to an expression for the magnetic
field as a sum of contributions from primary and
volume currents:

Ho
B(r) = Bo(r) + Z(Uz' —0;j)
ij
r—r

Solving the forward problem provides the sensor
patterns with a primary current distribution. This
requires numerical solutions using anatomical
information from high-resolution MRI brain images
for realistic head shapes [18, ].  Various
automated and semiautomated methods, such as
spherical and overlapping-sphere head modeling,
boundary element method (BEM), finite element
method (FEM), and finite difference method, exist
for surface extraction and defining the brain’s
geometry and properties.

Once the forward problem is solved, the
inverse problem can be tackled to estimate the
sources generating the time series recorded by
the electrodes, as illustrated in the central panel
of Figure 1. Inverse modeling techniques include
dipole fitting procedures, distributed dipole models,
and spatial filtering methods. = Among these,
spatial filtering, particularly beamforming, is a
commonly used method [38]. Inspired by radar
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and sonar data analysis, Beamforming enhances
the spatial specificity of source localization by
assuming each distinct source has a unique sum
of vector weightings, making them independent of
each other [79]. This technique provides clearer
insights into the brain’s functional architecture.

Resting-state magnetoencephalography (MEG)
data were captured utilizing a 306-channel Elekta
Neuromag Vectorview system, comprising 102
magnetometers and 204 planar gradiometers. The
recordings took place in a well-lit magnetically
shielded room, with a sampling rate of 1
kHz and an analog highpass filter set at
0.03 Hz. Throughout the resting-state scan,
participants were instructed to maintain stillness,
stay awake, and keep their eyes closed for
approximately 9 minutes. Continuous estimation
of head position within the MEG helmet was
conducted using four Head-Position Indicator (HPI)
coils, enabling offline correction of any head
movement.  Additionally, two pairs of bipolar
electrodes were employed to capture vertical
and horizontal electrooculogram (VEOG, HEOG)
signals, facilitating the monitoring of blinks and
eye movements. Furthermore, one pair of bipolar
electrodes recorded the electrocardiogram (ECG)
signal to monitor pulse-related artifacts.

3.1.2 Magnetic Resonance Imaging

Magnetic Resonance Imaging (MRI) is a medical
imaging technique that exploits hydrogen protons’
magnetic moment and spins to generate contrast
images depicting various tissues. Hydrogen
protons possess a non-zero net spin, making them
susceptible to influence by an external magnetic
field By.. Under a constant field, protons align and
precess around the axis defined by this field, with
a frequency w determined by the gyromagnetic
constant v according to the Larmor equation:
w = vBy,. The collective magnetic moments
of the protons within a volume V (voxel) define
the magnetization vector M = %Zi ii;, wWhere
V' must be small enough for By, to be constant,
but large enough to contain a sufficient number of
protons. Neglecting the interaction of the protons
with the medium, the motion of the spins can be
modeled by:
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In the presence of a radio frequency (RF) pulse
perpendicular to B, and in resonance with the
precession frequency, the magnetization vector
deviates from the longitudinal axis towards the
transverse plane at an angle A = BT,
where 7 is the exposure time to B;. Once
the pulse is removed, two independent events
occur: transverse and longitudinal relaxation. The
longitudinal relaxation, or spin-lattice relaxation,
is characterized by the rate of change of the
longitudinal magnetization vector, given by %4z =
7 (Mo — M), where M, and M. represent the
equilibrium and residual longitudinal magnetization
vectors, respectively, and 77 denotes the empirical
time for the signal to return to 1 — e~ of
its maximum value. The solution to this
equation illustrates the exponential time evolution
of longitudinal relaxation as:

M, (t) = M,(0)e /Tt 4 My(1 — e VT, (5)

Transverse relaxation, or spin-spin relaxation,
describes the decay of the transverse
magnetization vector M, , where spins experience
local fields that cause dephasing and reduce the
net magnetization vector. The time constant T3
characterizes the rate of this decay, described
by M,,(t) = M., (0)e ¥/,  This equation
demonstrates that once a transverse component
is present, it rapidly begins to diminish due to the
dephasing of spins in different local fields, resulting
in signal loss. The relaxation parameters 77 and T»
vary for different tissues, influencing the timing for
optimal signal differentiation and echo time (TE)
during MRI signal acquisition, which is crucial for
generating high-resolution images to distinguish
between brain tissues, as seen in the top-left panel
of Figure 5.

In addition to T1 and T2-weighted sequences,
Diffusion Weighted Imaging (DWI) is another
crucial MRI sequence for Vvisualizing brain
tracts, providing critical insights into the brain’s
structural connectivity and integrity.  Structural
connectivity refers to the anatomical pathways and
connections formed by white matter tracts in the

brain, indicating the physical wiring that enables
communication between different regions. Using
computational reconstruction methods grounded
in dMRI facilitates the visualization and mapping
of white matter pathways within the brain [58].

Diffusion-weighted MRI is a non-invasive
technique sensitive to the microscopic motion
(diffusion) of water molecules. In biological tissues,
the diffusion process is influenced by membranes
and macromolecules, which can hinder or restrict
the molecular random walk [24, 82], revealing the
underlying structure’s geometry.

To measure anisotropy and reconstruct
tracts, magnetic diffusion-sensitizing gradients
are applied. If molecules experience minimal
displacement, the gradients nullify, maximizing the
signal. Conversely, displacement due to tissue
absence increases precession inhomogeneities,
reducing the signal. The Larmor equation
describes the precession frequency of protons
under a magnetic field:

w=~B. (6)

By applying gradients in various directions [44],
a 3D spherical grid is formed, enabling High
Angular Resolution Diffusion Imaging (HARDI).
The strength and timing of these gradients are
parametrized by the b-value:

b =% G|?5? <A — g) . (7)
The HARDI signal can be modeled using
spherical harmonics (SH), analogous to
Fourier transforms but on a sphere. This
involves estimating coefficients describing the
HARDI signal, which are used to generate the
Orientation Distribution Function (ODF) through
the Funk-Radon transform (FRT) [29]. The smooth
estimation of the HARDI signal S(¢;,¢;) can be
formulated as:

o) l
SO ¢) = Y Y (0i,6).  (8)
=0 m=-1
The ODF is then refined into the Fiber
Orientation Distribution (FOD) using spherical
deconvolution [76], described by:
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A

Response
Function

Fig. 2. A. Spherical deconvolution intuition to
improve angular resolution of ODF reconstruction.
Adapted from [20]. B. Left panel shows the
volume fraction maps (CSF/GM/WM), mid panel
the ODFs (left-right/ /up-down) and right the
reconstructed tract starting from two different voxels.
Adapted from [42]

S(0, ¢) = Z FiAiR(0). (9)

An intuitive example of the constructed FODs for
each voxel is represented in figure 2.A.

Left and central panels from Figure 2.B show a
visual representation of the different tissues as a
fractional map, and its FODs respectively.

Now that we have the F(6,¢) for each voxel,
white matter tracts can be reconstructed using
probabilistic tractography methods, which explicitly
model uncertainty and allow for the generation
of multiple pathways as a probability map.
Once fiber-orientation probability density functions
(PDFs) have been generated for each voxel in
the brain (see Estimation of Fiber Orientation
PDFs for Probabilistic Tractography in [43]), it is
possible to simulate the likely range of outputs
of a deterministic tracking process using various
approaches such as Monte Carlo techniques,
running a randomly selected sample from each
PDF [64], it is also possible to invoke the
diffusion process itself as a propagator for the
tractography process as a random walk [46],
or attempt to identify routes through the brain
by front propagation methods [7], providing a
comprehensive map of brain connectivity.
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For all sequences, the raw data from MRI scans are
stored in a conceptual domain known as k-space
before being transformed into an image. An
inverse Fourier transform is applied to the data in
k-space, converting the frequency information into
the spatial domain to produce the final MRI image.
All Magnetic Resonance Imaging (MRI) datasets
were collected at a single site (MRC-CBSU) using
a 3T Siemens TIM Trio scanner with a 32-channel
head coil. For the T1-weighted MRI, the imaging
parameters of the MPRAGE sequence were: TR =
2250 ms, TE = 2.99 ms, Flip angle = 9°, Field of
View = 256 x 240 x 192 mms3, and voxel size = 1
mm isotropic.

For the multi-shell dMRI (b=0,1000,2000), the
imaging parameters of the Twice-refocused SE
sequence were: TR = 9100 ms, TE = 104 ms,
Field of View = 192 x 192 mm?2, and voxel size =
2 mm isotropic.

3.2 MEG Data Preprocessing and
Feature Extraction

MEG preprocessing procedures closely followed
the methodology outlined in [14], adhering to
established good-practice guidelines [34]. Data
analysis was performed with Brainstorm [74] in
MATLAB 2020b (Mathworks, Inc., Massachusetts,
USA), which is documented and freely available
for download online under the GNU General Public
License?.

At the sensor level, a notch filter bank was
applied to eliminate the line noise artifact (60
Hz) and its first three harmonics. Slow-wave
and DC-offset artifacts were removed using
a high-pass FIR filter with a 0.3 Hz cutoff.
Signal-Space Projections (SSPs) [78] were
derived to effectively remove cardiac and ocular
artifacts. This involved defining signal projectors
based on electrocardiogram and electrooculogram
recordings around identified artifact occurrences.
SSPs were also applied to attenuate low-frequency
(1-7 Hz) and high-frequency noisy components
(40400 Hz) related to saccades and muscle
activity, respectively.

Next, distinct brain source models were
generated for all narrowband versions of the

2neuroimage.usc.edu/brainstorm
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MEG sensor data. Individual T1-weighted MRI
data were automatically segmented and labeled
with FreeSurfer [15].
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Fig. 3. A. Mean Global PSD: The global PSD was
computed by averaging the PSD within each parcellated
brain region. The mean global PSD represents the
average across subjects, grouped in intervals of 5 years.
B. PCA per ROI. Each curve represents the explained
variance for each ROI within the DK, atlases, as
function of the number of principal components. The
solid black curve is the mean explained variance

Co-registration with MEG sensor locations was
established using digitized head points collected
during each MEG session. MEG forward
head models were created for each participant
using the overlapping spheres approach [40],
and cortical source models were developed with
linearly constrained minimum-variance (LCMV)
beamforming [89]. Data covariance regularization
was performed, and to mitigate the impact of
variable source depth, the estimated source
variance was normalized by the noise covariance
matrix. ~ Elementary MEG source orientations
were constrained to be normal to the surface
at 15,000 cortical locations. Noise statistics for
source modeling were estimated from two-minute
empty-room recordings collected as close in time
as possible to each participant’'s MEG session.

Finally, the source time series were organized
into 68 and 200 cortical ROIs based on the
Desikan-Killiany (DK) and Schaefer-200 (s200)
atlases, respectively, which constituted the nodes
of the graphs. An example of the parcellated
cortex using the s200 map is depicted in Figure
1. To streamline the time series within each ROI,
dimension reduction was performed using the first
principal component computed through principal

component analysis (PCA) [85]. To standardize
the duration of recordings across subjects, the time
series were uniformly cropped to 300 seconds,
excluding the first 30 seconds, which are often
contaminated by preprocessing artifacts.

3.2.1 Power Spectral Density

After estimating the time series for each ROI, the
power spectral density (PSD) was computed using
the Welch method, which involves: (1) Dividing
the data into overlapping segments; (2) Calculating
the periodogram for each segment via the Discrete
Fourier Transform (DFT); (3) Averaging these
estimates [83].

For each segment of length L, a modified
periodogram is computed using a window W(j),
forming sequences Xy (7)W(j). The Fourier
transforms Ay (n) of these sequences are obtained:

L—-1
1 —j27kn
Ap(n) = 2 D" Xi()W(He ™% (10)
=0
The periodograms are:
L 2
I (fn) = E|Ak(n)| ; (11)
where:
n 1 L-1
L 20
h—ﬂYL;Wm-

The spectral estimate is the average:

K
Pf) = 2 S Tilfa). (12)
k=1

A two-seconds window with 50% overlap was
used, encoding frequencies between 0 and 500
Hz at 0.5 Hz resolution. Figure 3.A shows
global spectral power distribution, emphasizing
theta, alpha, and beta bands (5-35 Hz) with
age-related changes.

Due to the imbalance between the number of
participants and the number of spectral features
(ROIs x PSD), there is a risk of data sparsity,
which can make it difficult for the model to identify
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meaningful patterns. Therefore, PCA was selected
for dimensionality reduction. Figure 3.B illustrates
the explained variance for the first 20 components
for each ROI within each atlas. The cross indicates
that the first 10 components are sufficient to explain
at least 90% of the variance for all ROls, leading to
a 99% reduction in the search space.

These 10 principal components were then
concatenated with the structural features
generated in Section 3.3.1 to create the
annotations for the graphs described in sections
3.2.2 and 3.3.2.

3.2.2 Functional Connectivity

Functional connectivity involves examining
the statistical relationships and temporal
dependencies among distinct brain regions or
neuronal populations [26]. In neuroimaging, it
measures the extent to which activities in different
brain areas correlate or synchronize over time.

The observed co-activation patterns between
brain regions indicate the brain’s functional network
organization [88]. High synchronization implies
that spatially separated regions of interest (ROls)
participate in similar neural processes, while low
connectivity suggests reduced coordination among
these regions. Aberrant connectivity can indicate
various neurological and psychiatric conditions.
To calculate the degree of synchronization,
the amplitude envelope correlation (AEC) [6]
was used.

The AEC uses amplitude envelopes to derive
Pearson correlation coefficients between all
pairs of ROls. First, the Hilbert transform
[10] decomposed the time series into the
time-frequency domain for envelope computation.
The Hilbert transform #[z(t)] of a signal z(t) is
expressed as:

Hz(t)] = 1 /OC W=7 gy - az(t)el* ™. (13)

T J_ s T

The result, denoted as Z(t¢), is an analytic
signal—a complex time series associated with
the original data time series, z(t), where the
modulus a;(t) and phase ¢;(t) of Z(t) correspond
to the instantaneous amplitude (or envelope) and

Computacion y Sistemas, Vol. 30, No. 3, 2026, pp. 1587-1606

doi: 10.13053/CyS-30-3-5128

=0.20

0.15

0.05

0.00

5 6 o« B ¥ ¥

Fig. 4. Mean functional connectomes computed using
the orthogonalized AEC for each of the six canonical
bands (delta, theta, alpha, beta, low-gamma, and
high-gamma) from the 606 subjects. This heatmap, built
by diagonalizing the mean connectomes for each band,
is for visualization purposes. Each connectome was
used individually

instantaneous phase of the original time series
x(t), respectively.

To derive power envelopes for correlation
analysis, a crucial step involves orthogonalizing
the two signals that may be correlated [39]. This
ensures that the signals do not share trivial
co-variability in power from measuring the same
sources, while preserving co-variation related to
different sources.

The orthogonalized AEC was used to compute
the individual functional connectivity matrices, or
functional connectomes, derived for each typical
frequency band of electrophysiology to determine
whether certain brain rhythm ranges better explain
age differentiation, as shown in Figure 4. MEG
signals were bandpass filtered into delta (1—4 Hz),
theta (4—8 Hz), alpha (8—13 Hz), beta (13-30 Hz),
gamma (30-50 Hz), and high gamma (50-150 Hz)
frequency bands.

Given that the AEC returns the pairwise
correlation value, the resulting connectome is
a fully connected graph G = {V,&,A}, with
entries in the adjacency matrix A(i, j) representing
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the strength or number of connections between
ROls, containing non-relevant connections (low
correlation values). To generate a sparse
graph, the connectomes were thresholded using
Kruskal’s Minimum Spanning Tree (MST) algorithm
[48]. Finally, the diagonals of each connectome
(autocorrelation) were set to zero.

Calculating the Pearson correlation for all
pairwise regions has a computational complexity
of O(n?). Given that six different narrowband
frequencies were used for 606 subjects, the
functional connectome was computed only using
the DK atlas. Each of these connectomes yields a
68 x 68 symmetric connectome matrix.

3.3 MRI Data Preprocessing and
Feature Extraction

The preprocessing of the raw NIfTI data in Brain
Imaging Data Structure (BIDS) format from the
Cam-CAN repository was executed utilizing
the official singularity container images. The
processing of anatomical MRI data was conducted
using the FreeSurfer 6.0 recon-all pipeline [15].
FreeSurfer is specialized in preprocessing MRI
data and includes a series of steps for thoroughly
processing T1-weighted (T1w) anatomical
images. Briefly, the preprocessing involves
motion correction to enhance the signal-to-noise
ratio, addressing intensity non-uniformities (INU)
in the T1w images to ensure consistency, removal
of non-brain tissues through skull-stripping,
tissue segmentation to delineate different
anatomical structures, and surface reconstruction
for detailed cortical analyses. Finally, spatial
normalization aligns T1w images to a standard
space using the MNI-152 template, facilitating
cross-subject comparisons.

Once the surface was reconstructed, the cortex
was parcellated into 68 and 200 Regions of Interest
(ROls) based on the Desikan-Killiany (DK) [21] and
Schaefer-200 (s200) [69] atlases, respectively.

Preprocessing of dMRI data was conducted
using QSlprep 0.17.0 [8]. The dMRI preprocessing
steps included  denoising, Gibbs-ringing
artifact removal, bias field correction, intensity
normalization, head-motion estimation and

correction for eddy currents, as well as registration
and normalization to a standard space.

For the reconstruction of the structural
connectivity matrices, we employed the
mrtrix multishell msmt_ACT-hsvs pipeline.
Tissue fiber response functions were estimated
using the Dhollander algorithm [22], and fiber
orientation distributions (FODs) were estimated
using the multi-shell multi-tissue constrained
spherical deconvolution (MSMT-CSD) algorithm.
Probability  tractography was implemented
using the iFOD2 probabilistic tracking method.
Anatomically-constrained tractography (ACT) was
applied, incorporating T1-weighted segmentation
constraints. The Tiw segmentation used
FreeSurfer outputs from the anatomical processing
steps, enabling the hybrid surface volume
segmentation (HSVS) method. Streamline
weights were calculated using the SIFT2
algorithm, ensuring a refined representation
of white matter connections.

3.3.1 Gray Matter Morphometry

Once the T1-weighted image has been
reconstructed, gray matter can be segmented
to extract morphological measurements. Gray
matter segmentation relies on image processing
algorithms to define the inner/outer boundaries
of the cortex at the gray/white matter (white
matter surface) and gray matter/cerebrospinal fluid
interfaces (pial surface) represented by the red
and yellow curves in the top left panel of Figure 5
and the embedded volumes in the bottom panel.

Post-preprocessing, Freesurfer (see Section 3.3)
derives the gray matter morphometry (GMM)
values for each ROl encompassing:Surface area
[84], cortical thickness [53], gray matter volume
[84], mean and gaussian curvature [65], intrinsic
curvature index [65], folding index [70], and number
of vertices.

All of these features were computed to be
used as node attributes in the connectomes
generated by the tractography (Section 3.3.2)
and functional connectivity for the DK and
s200 atlases, respectively. The GMM, were
concatenated with the spectral features generated
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Fig. 5. T1-weighted image and surface segmentation.
A)Transverse view MRI image before non-brain tissue
removal. In the right panel, a coronal view of a
skull-stripped MRI image depicts segmented gray matter
between the white matter surface (red) and the pial
surface (yellow) (adapted from [56]). B) Surface
representation of the cortex, delineated internally
by the white matter and externally by the pial
surface. Additionally, the red triangular prism represents
the proposed solution for measuring cortical volume
(adapted from [84])

in Section 3.2.1 to generate the annotations for the
graphs described in Sections 3.2.2 and 3.3.2.

3.3.2 Structural Connectivity

Once the fiber tracts are generated, as explained in
3.1.2, a reconstruction of the tracts similar to that
in figure 6 is obtained. The structural connectivity
matrix, or structural connectome, is computed
to represent the structural connections between
different ROIS. Here, the whole brain connectome
was computed using the s200 atlas. The functional
connectome G = {V,&, A}, with entries on the
adjacency matrix A (s, j), represents the number of
connections between ROls.

To generate a sparse graph, the connectomes
were thresholded using Kruskal’s Minimum
Spanning Tree (MST) algorithm [48] keeping
15% of the connections. Finally, the diagonal of
each one of the connectomes (autocorrelation)
was set to zero. Figure 7 shows the mean
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normalized connectome and standard deviation for
the 606 subjects.

Fig. 6. Example whole-brain fibre-tracking results from
human healthy subject (left-right/ /up-down)

3.4 Graph Convolutional Network

Classic convolutional neural network (CNN)
models designed for grid-like data, such as
images, have demonstrated considerable success
in medical assistive diagnosis models [19, 77, 27].
The efficacy of these models relies on inherent
properties of grid-like data, specifically: (1) a fixed
number of neighboring pixels for each pixel and
(2) a naturally determined spatial order when
scanning images, i.e., from left to right and top to
bottom. However, in arbitrary graph data, unlike
images, neither the number of neighboring units
nor their spatial order is fixed.

In this context, our focus is on Graph
Convolutional Network (GCN) models applied to
undirected connected graphs G = V,&£,A. The
functional and structural connectomes used in our
study give rise to such graphs, consisting of a set
of nodes V with |V| = n, a set of edges £ with
|€] = m, and an adjacency matrix A. If there is
an edge between node ¢ and node j, the entry
A(i,j) denotes the weight of the edge; otherwise,
A(i,j)=0:

Ar(n) = = 3" X)W (e "L (14)

Node attributes are represented as X € R"*¢
where d is the length of the attributes for each
node n. In our case, these attributes include the
concatenated PCA(PSD) and GMM features for
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=30

20

Fig. 7. Mean and Standard Deviation structural
connectome computed from the 606 subjects

each ROI. The multi-layer GCN used, follows the
layer-wise propagation rule:

HD = o (DTFADTH'W!).  (15)

Here, A = A + Iy, equivalent to adding
self-loops to the original graph. Iy is the identity
matrix, Dii = >, Aij is used for neighborhood
normalization, and W' is a layer-specific trainable
weight matrix. o(-) denotes an activation function,
such as ReLU(:) = max(0,-). H' € R"*4 is the
matrix of activations in the I*" layer, with H? = X.

This layer-wise approach implies that in each
layer, a node wu updates its attributes by
aggregating information only from nodes {Vv €
N{u}}. The addition of more layers allows the
aggregation of more distant neighbors.

The output of the final layer can then be used to
define the embeddings for each node, i.e:

7, = hk YueV, (16)

where k represents the last layer. However,
caution is warranted as a very deep network may
oversample the graph and, in the worst case, cover
the entire graph.

Let’s recall that the graphs in question represent
individualized connectomes, and our objective
is to forecast a property related to the entire
graph - specifically, the biological age of the
subjects. In contrast to learning a node-level
embedding Z,, we aim to acquire a graph-level
embedding zg. This undertaking is commonly
termed “graph pooling,” as it involves aggregating
node embeddings to derive an embedding that
encapsulates the entire graph.

The pooling function f,, which has to be ordering
and permutation invariant, maps a set of node
embeddings {zi,...,zy|} to an embedding zc.
The global embedding can be used as an input
for a multi-layer perceptron (MLP) to perform
graph-level prediction or classification tasks. To
compute the global embeddings, the node level
embeddings were vectorized into a long array:

zg = [21,22,...,2n5], N =|V|xC, (17)
allowing for the full exploration of the search space
by the MLP.

This approach is only possible due to the MST
thresholding implemented, since it assures the
preservation of all nodes.

Figure 8 illustrates the architecture used in
the present work. We believe that there is
significant value in preserving residual information
within each layer and inspired by the architectural
principles of residual networks [37], we propose
concatenating the outputs from each convolutional
layer and linearly combining them using a fully
connected layer.
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Fig. 8. Graph Convolutional Network architecture comprising 4 convolutional layers, with each layer's output
concatenated to preserve residual information. These connected embeddings undergo dimensional reduction via
a fully connected linear layer (L.L.). The resulting output is flattened and utilized as features for the Multi-Layer

Perceptron (MLP)
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Fig. 9. Boxplots representing the performance of the
Graph Convolutional Network (GCN) model evaluated
over 10 ftraining iterations. The y-axis shows the
Pearson correlation and the Mean Absolute Error (MAE)
in years (bottom panel), computed using the predicted
and chronological age. The x-axis indicates the type of
connectome used: delta, theta, alpha, beta, gamma low,
gamma high functional connectomes, or the structural
connectome. Each boxplot summarizes the model's
performance, highlighting the variability and central
tendency across different connectomes
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4 Results

In this study, we employed Graph Convolutional
Networks (GCNs) on graphs generated from
functional and structural connectivity matrices,
derived from resting-state MEG and dMRI
to explore the significance of brain topology
in predicting brain age. The graphs were
annotated using concatenated PSD and GMM
features extracted from each node (ROIs).
The dataset consisted of 606 subjects from
the Cambridge Center for Aging Neuroscience
(Cam-CAN) repository.

The data was divided into three subsets: 62%
for training, 8% for validation, and 30% for testing.
The model was trained and tested 10 times using
each graph.

The model’'s performance was evaluated using
seven different graphs: six constructed from the
AEC functional connectivity matrices computed
across the canonical frequency bands (delta, theta,
alpha, beta, low gamma, and high gamma), and
a seventh based on the structural connectome
derived from dMRI data. This comprehensive
approach allowed us to assess both functional and
structural aspects of brain connectivity.

Figure 9 presents a summary of our results. The
boxplots show the Pearson correlation between
the predicted and chronological age (top), as a
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measurement of regression accuracy, and the
mean absolute error (MAE) in years (bottom) for
each graph.

The results indicate that the most informative
graphs are those built from the alpha and beta
functional connectomes, as well as the structural
connectome. The best results obtained by each
of these connectomes were R=[.86, .89, .90] and
MAE=[7.4, 6.4, 6.3] years, respectively.

5 Conclusion

In this study, we demonstrated the effectiveness
of using GCNs to predict brain age by integrating
functional and structural connectivity data derived
from resting-state MEG and dMRI. By evaluating
the performance of the GCN on graphs constructed
from the six canonical frequency bands (delta,
theta, alpha, beta, gamma low, and gamma
high) as well as a structural connectome, we
highlighted the importance of incorporating both
functional and structural information for accurate
brain age prediction.

Our results demonstrated that the alpha
and beta functional connectomes, along with
the structural connectome, provided the most
informative structures. These were closely
followed by the gamma band, while the graphs
constructed using the delta and theta bands were
the least informative. These findings highlight
the significance of specific frequency bands and
structural connectivity in capturing the complex
dynamics of brain morphology in aging.

The results are consistent with previous scientific
publications: M/EEG PSD and connectomics have
shown that lower frequency bands, such as
delta and theta, exhibit increased activity in
older adults, reflecting age-related changes
in cognitive processes and brain function.
However, these bands alone may not be the
most effective predictors of brain age compared
to higher frequency bands [36]. Research
on the alpha band indicates that alpha power
and coherence decrease with age, which is
associated with cognitive decline and neural
network reorganization, making alpha band
characteristics highly informative for predicting
brain age [68].

The beta activity also shows age-related
changes, including shifts in power and frequency
that correlate with cognitive and motor functions,
though it might not be as strongly predictive of brain
age as the alpha band [66, 81].

Gamma band activity is associated with higher
cognitive functions and tends to decrease with
age, with changes in gamma activity reflecting
neural processing efficiency and network integrity,
making it a valuable predictor for brain age [30].
Additionally, structural connectivity in the aging
brain shows significant declines in white matter
integrity, making it highly informative [3].

A key strength of GCNs, as demonstrated
in this study, is their ability to effectively
model non-Euclidean data structures inherent
in brain networks. Traditional machine-learning
approaches, often require vectorization or rely on
Euclidean assumptions that may overlook critical
topological information. As reviewed in section
2, SVMs have shown efficacy in vectorized gray
matter volume images but fail to account for the
spatial relationships within the brain’s connectome.

Similarly, while 3D CNNs can capture
age-related morphological changes with high
accuracy, they do not inherently accommodate
the graph-based nature of brain connectivity.
The present work addresses this limitation by
effectively modeling the brain’s connectivity
patterns, integrating both functional and structural
information into a cohesive predictive framework,
allowing for a more detailed and accurate
representation of the brain’s functional and
structural networks.

The success of the GCN model in predicting
brain age highlights the importance of preserving
the spatial and topological integrity of the data.
This demonstrates the potential of graph-based
deep learning approaches in neurocimaging studies
and represents an advancement in the field of
computational neuroscience.

This approach not only offers a promising
pathway for advancing research and improving our
ability to monitor and understand the aging brain,
but also provides a robust tool for early detection
of atypical aging patterns, which could indicate
neurodegenerative conditions.

Computacion y Sistemas, Vol. 30, No. 3, 2026, pp. 1587-1606

doi: 10.13053/CyS-30-3-5128



ISSN 2007-9737

1600 Santiago I. Flores-Alonso, Blanca Tovar-Corona, et al.

Acknowledgments

The Instituto Politécnico Nacional funded this
research through the project SIP20240187. We
thank CONAHCYyT for partial support of the present
work. The data supporting reported results can be
found at the lin in the footnote®.

References

1. Baecker, L., Garcia-Dias, R., Vieira,
S., Scarpazza, C., Mechelli, A. (2021).
Machine learning for brain age prediction:
Introduction to methods and clinical
applications. EBioMedicine, Vol. 72. DOI:
10.1016/j.ebiom.2021.103600.

2. Basser, P. J., Mattiello, J., LeBihan, D.
(1994). Estimation of the effective self-diffusion
tensor from the nmr spin echo. Journal of
Magnetic Resonance, Series B, Vol. 1083,
No. 3, pp. 247-254. DOI: 10.1006/jmrb.
1994.1037.

3. Bennett, I. J., Madden, D. J. (2014).
Disconnected aging: cerebral white matter
integrity and  age-related  differences
in cognition. Neuroscience, Vol. 276,
pp. 187—205. DOI: 10.1016/j .neuroscience.
2013.11.026.

4. Bi, S., Guan, Y., Tian, L. (2024). Prediction
of individual brain age using movie and
resting-state fMRI. Cerebral Cortex, Vol. 34,
No. 1, pp. bhad407. DOI: 10.1093/cercor/
bhad407.

5. Borkar, K., Chaturvedi, A., Vinod, P,
Bapi, R. S. (2022). Ayu-characterization
of healthy aging from neuroimaging data
with deep learning and rsfMRI. Frontiers
in Computational Neuroscience, Vol. 16,
pp. 940922. DOI: 10.3389/fncom.2022.
940922.

6. Bruns, A., Eckhorn, R., Jokeit, H., Ebner, A.
(2000). Amplitude envelope correlation detects
coupling among incoherent brain signals.
Neuroreport, Vol. 11, No. 7, pp. 1509-1514.

Shttps://camcan-archive.mrc-cbu.cam.ac.uk/
dataaccess/

Computacion y Sistemas, Vol. 30, No. 3, 2026, pp. 1587-1606
doi: 10.13053/CyS-30-3-5128

10.

11.

12.

13.

14.

Campbell, J. S., Siddiqi, K., Rymar, V. V.,
Sadikot, A. F., Pike, G. B. (2005). Flow-based
fiber tracking with diffusion tensor and g-ball
data: validation and comparison to principal
diffusion direction techniques. Neurolmage,
Vol. 27, No. 4, pp. 725-736. DOI: 10.1016/7.
neuroimage.2005.05.014.

Cieslak, M., Cook, P. A., He, X., Yeh,
F.-C., Dhollander, T., Adebimpe, A., Aguirre,
G. K., Bassett, D. S., Betzel, R. F,
Bourque, J., et al. (2021). Qsiprep: an
integrative platform for preprocessing and
reconstructing diffusion MRI data. Nature
methods, Vol. 18, No. 7, pp. 775-778. DOI:
10.1038/s41592-021-01185-5.

Cohen, D. (1968). Magnetoencephalography:
evidence of magnetic fields produced by
alpha-rhythm currents. Science, Vol. 161,
No. 3843, pp. 784-786. DOI: 10.1126/
science.161.3843.784.

Cohen, M. X. (2014). Analyzing neural time
series data: theory and practice. MIT press.

Cole, J. H.,, Annus, T, Wilson, L. R,
Remtulla, R., Hong, Y. T., Fryer, T. D.,
Acosta-Cabronero, J., Cardenas-Blanco,
A., Smith, R., Menon, D. K., et al. (2017).
Brain-predicted age in down syndrome is
associated with beta amyloid deposition
and cognitive decline. Neurobiology
of aging, Vol. 56, pp. 41-49. DOL
10.1016/j .neurobiolaging.2017.04.006.

Cole, J. H., Leech, R., Sharp, D. J., Initiative,
A. D. N. (2015). Prediction of brain age
suggests accelerated atrophy after traumatic
brain injury. Annals of neurology, Vol. 77, No. 4,
pp. 571-581. DOI: 10.1002/ana . 24367.

Cole, J. H., Underwood, J., Caan, M. W.,
De Francesco, D., Van Zoest, R. A., Leech,
R., Wit, F. W., Portegies, P., Geurtsen, G. J.,
Schmand, B. A., et al. (2017). Increased
brain-predicted aging in treated HIV disease.
Neurology, Vol. 88, No. 14, pp. 1349-1357.
DOI: 10.1212/WNL.0000000000003790.

da Silva Castanheira, J., Orozco Perez,
H. D., Misic, B., Baillet, S. (2021). Brief


10.1016/j.ebiom.2021.103600
10.1006/jmrb.1994.1037
10.1006/jmrb.1994.1037
10.1016/j.neuroscience.2013.11.026
10.1016/j.neuroscience.2013.11.026
10.1093/cercor/bhad407
10.1093/cercor/bhad407
10.3389/fncom.2022.940922
10.3389/fncom.2022.940922
https://camcan-archive.mrc-cbu.cam.ac.uk/dataaccess/
https://camcan-archive.mrc-cbu.cam.ac.uk/dataaccess/
10.1016/j.neuroimage.2005.05.014
10.1016/j.neuroimage.2005.05.014
10.1038/s41592-021-01185-5
10.1126/science.161.3843.784
10.1126/science.161.3843.784
10.1016/j.neurobiolaging.2017.04.006
10.1002/ana.24367
10.1212/WNL.0000000000003790

15.

16.

17.

18.

19.

20.

21.

ISSN 2007-9737

Geometrical Deep Learning: A Feasible Methodology for Brain Age Prediction 1601

segments of neurophysiological activity
enable individual differentiation. Nature
communications, Vol. 12, No. 1, pp. 5713.
DOI: 10.1038/s41467-021-25895-8.

Dale, A. M., Fischl, B., Sereno, M. I
(1999). Cortical surface-based analysis: |.
segmentation and surface reconstruction.
Neuroimage, Vol. 9, No. 2, pp. 179—-194. DOI:
10.1006/nimg.1998.0395.

Damoiseaux, J. S. (2017). Effects of aging
on functional and structural brain connectivity.
Neuroimage, Vol. 160, pp. 32—40. DOI: 10.
1016/j .neuroimage.2017.01.077.

de Lange, A.-M. G., Anatiirk, M., Rokicki,
J., Han, L. K., Franke, K., Alnzes, D.,
Ebmeier, K. P., Draganski, B., Kaufmann, T.,
Westlye, L. T., et al. (2022). Mind the gap:
Performance metric evaluation in brain-age
prediction. Human Brain Mapping, Vol. 43,
No. 10, pp. 3113-3129. DOI: 10.1002/hbm.
25837.

de Munck, J. C. (1988). The potential
distribution in a layered anisotropic spheroidal
volume conductor. Journal of applied Physics,
Vol. 64, No. 2, pp. 464-470. DOI: 10.1063/1.
341983.

Delena-Garcia, P. |, Torres-Rodriguez,
J. D., Tovar-Corona, B., Anzueto-Rios, A.,
Fragoso-Olvera, N. L., Flores-Patricio, A.,
Camarillo-Nava, V. M. (2022). Identification
of sars-cov-2 pneumonia in chest x-ray
images using convolutional neural networks.
International Congress of Telematics and
Computing, Springer, pp. 157-172.

Descoteaux, M. (1999). High angular
resolution  diffusion  imaging  (HARDI).
Wiley encyclopedia of electrical and
electronics engineering, pp. 1-25. DOL:
10.1002/047134608X.W8142.

Desikan, R. S., Ségonne, F., Fischl, B.,
Quinn, B. T., Dickerson, B. C., Blacker, D.,
Buckner, R. L., Dale, A. M., Maguire, R. P.,
Hyman, B. T., et al. (2006). An automated
labeling system for subdividing the human
cerebral cortex on MRI scans into gyral based

22,

23.

24.

25.

26.

27.

28.

regions of interest. Neuroimage, Vol. 31, No. 3,
pp. 968-980. DOI: 10.1016/j.neuroimage.
2006.01.021.

Dhollander, T., Mito, R., Raffelt, D.,
Connelly, A. (2019). Improved white matter
response function estimation for 3-tissue
constrained spherical deconvolution. Proc. Intl.
Soc. Mag. Reson. Med, Vol. 555, pp. —.

Dinsdale, N. K., Bluemke, E., Smith, S. M.,
Arya, Z., Vidaurre, D., Jenkinson, M.,
Namburete, A. l. (2021). Learning patterns
of the ageing brain in MRI using deep
convolutional networks. Neurolmage, Vol. 224,
pp. 117401. DOI: 10.1016/j.neuroimage.
2020.117401.

Einstein, A., et al. (1905). On the motion
of small particles suspended in liquids at
rest required by the molecular-kinetic theory
of heat. Annalen der physik, Vol. 17,
No. 549-560, pp. 208.

Feng, X., Lipton, Z. C., Yang, J., Small, S. A,,
Provenzano, F. A., Alzheimer’s Disease
Neuroimaging Initiative, Initiative, F. L.
D. N., et al. (2020). Estimating brain age based
on a uniform healthy population with deep
learning and structural magnetic resonance
imaging. Neurobiology of aging, Vol. 91,
pp. 15-25. DOI: 10.1016/j .neurobiolaging.
2020.02.009.

Fingelkurts, A. A., Fingelkurts, A. A,
Kéahkonen, S. (2005). Functional connectivity
in the brain—is it an elusive concept?.
Neuroscience & Biobehavioral Reviews,
Vol. 28, No. 8, pp. 827-836. DOI:
10.1016/j .neubiorev.2004.10.009.

Flores-Alonso, S. I, Tovar-Corona, B.,
Luna-Garcia, R. (2022). Deep learning
algorithm for heart valve diseases assisted
diagnosis. Applied Sciences, Vol. 12, No. 8,
pp. 3780. DOI: 10.3390/app12083780.

Franke, K., Gaser, C. (2012). Longitudinal
changes in individual brainage in healthy
aging, mild cognitive impairment, and
Alzheimer’s disease. GeroPsych. DOI:
10.1024/1662-9647/2000074.

Computacion y Sistemas, Vol. 30, No. 3, 2026, pp. 1587-1606

doi: 10.13053/CyS-30-3-5128


10.1038/s41467-021-25895-8
10.1006/nimg.1998.0395
10.1016/j.neuroimage.2017.01.077
10.1016/j.neuroimage.2017.01.077
10.1002/hbm.25837
10.1002/hbm.25837
10.1063/1.341983
10.1063/1.341983
10.1002/047134608X.W8142
10.1016/j.neuroimage.2006.01.021
10.1016/j.neuroimage.2006.01.021
10.1016/j.neuroimage.2020.117401
10.1016/j.neuroimage.2020.117401
10.1016/j.neurobiolaging.2020.02.009
10.1016/j.neurobiolaging.2020.02.009
10.1016/j.neubiorev.2004.10.009
10.3390/app12083780
10.1024/1662-9647/a000074

ISSN 2007-9737

1602 Santiago I. Flores-Alonso, Blanca Tovar-Corona, et al.

29.

30.

31.

32.

33.

34.

35.

Computacion y Sistemas, Vol. 30, No. 3, 2026, pp. 1587-1606

Funk, P. (1915). Uber eine geometrische
anwendung der abelschen integralgleichung.
Mathematische Annalen, Vol. 77, No. 1,
pp. 129-135.

Gaetz, W., Roberts, T. P., Singh, K. D,,
Muthukumaraswamy, S. D. (2012).
Functional and structural correlates of the
aging brain: Relating visual cortex (v1) gamma
band responses to age-related structural
change. Human brain mapping, Vol. 33, No. 9,
pp. 2035—2046. DOI: 10.1002/hbm.21339.

Gao, X., Pang, Y. (2022). Brain age prediction
with 3d resnet34 model in healthy control,
mild cognitive impairment, and Alzheimer’s
disease. 2022 3rd International Conference
on Electronic Communication and Artificial
Intelligence (IWECAI), IEEE, pp. 490-494.

Gaser, C., Franke, K., Kloéppel, S.,
Koutsouleris, N., Sauer, H., Initiative,
A. D. N. (2013). Brainage in mild
cognitive impaired patients: predicting
the conversion to Alzheimers disease.
PloS one, Vol. 8, No. 6, pp. €67346. DOI:
10.1371/journal . pone.0067346.

Gonneaud, J., Baria, A. T., Binette, A. P,
Gordon, B. A., Chhatwal, J. P., Cruchaga,
C., Jucker, M., Levin, J., Salloway, S.,
Farlow, M., et al. (2020). Functional brain
age prediction suggests accelerated aging
in preclinical familial Alzheimer's disease,
irrespective of fibrillar amyloid-beta pathology.
bioRxiv, pp. 2020—-05.

Gross, J., Baillet, S., Barnes, G. R., Henson,
R. N., Hillebrand, A., Jensen, O., Jerbi,
K., Litvak, V., Maess, B., Oostenveld, R.,
et al. (2013). Good practice for conducting and
reporting MEG research. Neuroimage, Vol. 65,
pp. 349-363. DOIl: 10.1016/j.neuroimage.
2012.10.001.

Hamalainen, M., Hari, R., Ilimoniemi,
R. J., Knuutila, J., Lounasmaa, O. V.
(1993). Magnetoencephalography—theory,
instrumentation, and  applications to
noninvasive  studies of the  working
human  brain. Reviews of  modern

doi: 10.13053/CyS-30-3-5128

36.

37.

38.

39.

40.

41.

42,

43.

Physics, Vol. 65, No. 2, pp. 413. DOI:
10.1103/RevModPhys.65.413.

Hashemi, A., Pino, L. J., Moffat, G.,
Mathewson, K. J., Aimone, C., Bennett,
P. J., Schmidt, L. A., Sekuler, A. B. (2016).
Characterizing population EEG dynamics
throughout adulthood. ENeuro, Vol. 3, No. 6.
DOI: 10.1523/ENEURO. 0275-16.2016.

He, K., Zhang, X., Ren, S., Sun, J. (2016).
Deep residual learning for image recognition.
Proceedings of the IEEE conference on
computer vision and pattern recognition,
pp. 770-778. DOI: 10.1109/CVPR.2016.90.

Hillebrand, A., Singh, K. D., Holliday,
I. E., Furlong, P. L., Barnes, G. R.
(2012). A new approach to neuroimaging
with magnetoencephalography. Human brain
mapping, Vol. 25, No. 2, pp. 199-211. DOI:
10.1002/hbm.20102.

Hipp, J. F., Hawellek, D. J., Corbetta,
M., Siegel, M., Engel, A. K. (2012).
Large-scale cortical correlation structure

of spontaneous oscillatory activity. Nature
neuroscience, Vol. 15, No. 6, pp. 884-890.
DOI: 10.1038/nn.3101.

Huang, M., Mosher, J. C., Leahy, R. (1999).
A sensor-weighted overlapping-sphere head
model and exhaustive head model comparison
for MEG. Physics in Medicine & Biology,
Vol. 44, No. 2, pp. 423. DOI: 10.1088/
0031-9155/44/2/010.

Isaev, N. K., Genrikhs, E. E., Oborina, M. V.,
Stelmashook, E. V. (2018). Accelerated aging
and aging process in the brain. Reviews in the
Neurosciences, Vol. 29, No. 3, pp. 233-240.
DOI: 10.1515/revneuro-2017-0051.

Jeurissen, B., Tournier, J.-D., Dhollander,

T., Connelly, A., Sijbers, J. (2014).
Multi-tissue constrained spherical
deconvolution  for  improved  analysis
of  multi-shell  diffusion  MRI  data.

Neurolmage, Vol. 103, pp. 411-426. DOI:
10.1016/j .neuroimage.2014.07.061.

Jones, D. K. (2010). Diffusion MRI. Oxford
University Press.


10.1002/hbm.21339
10.1371/journal.pone.0067346
10.1016/j.neuroimage.2012.10.001
10.1016/j.neuroimage.2012.10.001
10.1103/RevModPhys.65.413
10.1523/ENEURO.0275-16.2016
10.1109/CVPR.2016.90
10.1002/hbm.20102
10.1038/nn.3101
10.1088/0031-9155/44/2/010
10.1088/0031-9155/44/2/010
10.1515/revneuro-2017-0051
10.1016/j.neuroimage.2014.07.061

44,

45.

46.

47.

48.

49,

50.

ISSN 2007-9737

Geometrical Deep Learning: A Feasible Methodology for Brain Age Prediction 1603

Jones, D. K., Horsfield, M. A., Simmons,
A. (1999). Optimal strategies for measuring
diffusion in anisotropic systems by magnetic
resonance imaging. Magnetic Resonance
in Medicine: An Official Journal of the
International Society for Magnetic Resonance
in Medicine, Vol. 42, No. 3, pp. 515-525.
DOI: 10.1002/(SICI)1522-2594(199909)42:
3<515: :AID-MRM14>3.0.C0;2-Q.

Joo, Y., Namgung, E., Jeong, H., Kang,
l., Kim, J., Oh, S., Lyoo, I. K., Yoon,
S., Hwang, J. (2023). Brain age prediction
using combined deep convolutional neural
network and multi-layer perceptron algorithms.
Scientific Reports, Vol. 13, No. 1, pp. 22388.
DOI: 10.1038/s41598-023-49514-2.

Koch, M. A., Norris, D. G., Hund-Georgiadis,
M. (2002). An investigation of functional
and anatomical connectivity using magnetic
resonance imaging. Neuroimage, Vol. 16,
No. 1, pp. 241-250. DOI: 10.1006/nimg.
2001.1052.

Koutsouleris, N., Davatzikos, C.,
Borgwardt, S., Gaser, C., Bottlender,
R., Frodl, T., Falkai, P., Riecher-Rossler,
A., Moller, H.-J., Reiser, M., et al. (2014).
Accelerated brain aging in schizophrenia
and beyond: a neuroanatomical marker
of psychiatric disorders. Schizophrenia
bulletin, Vol. 40, No. 5, pp. 1140-1153. DOI:
10.1093/schbul/sbt142.

Kruskal, J. B. (1956). On the shortest
spanning subtree of a graph and the
traveling salesman problem. Proceedings
of the American Mathematical society,
Vol. 7, No. 1, pp. 48-50. DOI:
10.1090/S0002-9939-1956-0078686-7.

Kuhn, T., Kaufmann, T., Doan, N. T,
Westlye, L. T., Jones, J., Nunez, R. A,
Bookheimer, S. Y., Singer, E. J., Hinkin,
C. H., Thames, A. D. (2018). An augmented
aging process in brain white matter in HIV.
Human brain mapping, Vol. 39, No. 6,
pp. 2532—2540. DOI: 10.1002/hbm.24019.

Lancaster, J., Lorenz, R., Leech, R,
Cole, J. H. (2018). Bayesian optimization

51.

52.

53.

54.

55.

56.

for neuroimaging pre-processing in brain age
classification and prediction. Frontiers in aging
neuroscience, Vol. 10, pp. 28. DOI: 10.3389/
fnagi.2018.00028.

Lee, W. H. (2023). The choice of machine
learning algorithms impacts the association
between brain-predicted age difference and
cognitive function. Mathematics, Vol. 11, No. 5,
pp. 1229. DOI: 10.3390/math11051229.

Li, H., Satterthwaite, T. D., Fan, Y. (2018).
Brain age prediction based on resting-state
functional  connectivity  patterns  using
convolutional neural networks. 2018 ieee
15th international symposium on biomedical
imaging (isbi 2018), IEEE, pp. 101-104. DOI:
10.1109/ISBI.2018.8363533.

Li, Q., Pardoe, H., Lichter, R., Werden,
E., Raffelt, A., Cumming, T., Brodtmann,
A. (2015). Cortical thickness estimation in
longitudinal stroke studies: a comparison of 3
measurement methods. Neurolmage: Clinical,
Vol. 8, pp. 526-535. DOI: 10.1016/j.nicl.
2014.08.017.

Li, Y., Zhang, X., Nie, J., Zhang, G., Fang,
R., Xu, X., Wu, Z.,, Hu, D., Wang, L.,
Zhang, H., et al. (2022). Brain connectivity
based graph convolutional networks and its
application to infant age prediction. IEEE
Transactions on Medical Imaging, Vol. 41,
No. 10, pp. 2764-2776. DOI: 10.1109/TMI.
2007 .903576.

Lin, L., Jin, C., Fu, Z., Zhang, B.,
Bin, G., Wu, S. (2016). Predicting healthy
older adult’s brain age based on structural
connectivity networks using artificial neural
networks. Computer methods and programs
in biomedicine, Vol. 125, pp. 8-17. DOI: 10.
1016/j.cmpb.2015.11.012.

Lindroth, H., Nair, V. A., Stanfield, C.,
Casey, C., Mohanty, R., Wayer, D., Rowley,
P., Brown, R., Prabhakaran, V., Sanders,
R. D. (2019). Examining the identification of
age-related atrophy between t1 and t1+ t2-flair
cortical thickness measurements. Scientific
reports, Vol. 9, No. 1, pp. 11288. DOI: 10.
1038/541598-019-47294-2.

Computacion y Sistemas, Vol. 30, No. 3, 2026, pp. 1587-1606

doi: 10.13053/CyS-30-3-5128


10.1002/(SICI)1522-2594(199909)42:3<515::AID-MRM14>3.0.CO;2-Q
10.1002/(SICI)1522-2594(199909)42:3<515::AID-MRM14>3.0.CO;2-Q
10.1038/s41598-023-49514-2
10.1006/nimg.2001.1052
10.1006/nimg.2001.1052
10.1093/schbul/sbt142
10.1090/S0002-9939-1956-0078686-7
10.1002/hbm.24019
10.3389/fnagi.2018.00028
10.3389/fnagi.2018.00028
10.3390/math11051229
10.1109/ISBI.2018.8363533
10.1016/j.nicl.2014.08.017
10.1016/j.nicl.2014.08.017
10.1109/TMI.2007.903576
10.1109/TMI.2007.903576
10.1016/j.cmpb.2015.11.012
10.1016/j.cmpb.2015.11.012
10.1038/s41598-019-47294-2
10.1038/s41598-019-47294-2

ISSN 2007-9737

1604 Santiago I. Flores-Alonso, Blanca Tovar-Corona, et al.

57.

58.

59.

60.

61.

62.

63.

Computacion y Sistemas, Vol. 30, No. 3, 2026, pp. 1587-1606

Luders, E., Cherbuin, N., Gaser, C. (2016).
Estimating brain age using high-resolution
pattern  recognition: Younger brains
in long-term  meditation  practitioners.
Neuroimage, Vol. 134, pp. 508-513. DOI:
10.1016/j.neuroimage.2016.04.007.

Maier-Hein, K. H., Neher, P. F.,, Houde,
J.-C., Cote, M.-A., Garyfallidis, E., Zhong,
J., Chamberland, M., Yeh, F.-C., Lin,
Y.-C., Ji, Q., et al. (2017). The challenge
of mapping the human connectome
based on diffusion tractography. Nature
communications, Vol. 8, No. 1, pp. 1349. DOI:
10.1038/s41467-017-01285-x.

Massett, R. J., Maher, A. S., Imms, P. E.,
Amgalan, A., Chaudhari, N. N., Chowdhury,
N. F., Irimia, A., Initiative, A. D. N.
(2023). Regional neuroanatomic effects on
brain age inferred using magnetic resonance
imaging and ridge regression. The Journals
of Gerontology: Series A, Vol. 78, No. 6,
pp. 872—881. DOI: 10.1093/gerona/glac209.

Monti, R. P., Gibberd, A., Roy, S,
Nunes, M., Lorenz, R., Leech, R,
Ogawa, T., Kawanabe, M., Hyvérinen,
A. (2020). Interpretable brain age
prediction using linear latent variable
models of functional connectivity. Plos

one, Vol. 15, No. 6, pp. €0232296. DOI:
10.1371/journal . pone.0232296.

Nguyen, H.-D., Clément, M., Mansencal, B.,
Coupé, P. (2024). Brain structure ages—A
new biomarker for multi-disease classification.
Human Brain Mapping, Vol. 45, No. 1,
pp. €26558. DOI: 10.1002/hbm.26558.

Onaolapo, A. Y., Obelawo, A. Y., Onaolapo,
0. J. (2019). Brain ageing, cognition and
diet: a review of the emerging roles
of food-based nootropics in mitigating
age-related memory decline. Current aging
science, Vol. 12, No. 1, pp. 2-14. DOI:
10.2174/1874609812666190311160754.

Pardoe, H. R., Cole, J. H., Blackmon, K.,
Thesen, T., Kuzniecky, R., Investigators,
H. E. P, et al. (2017). Structural brain

doi: 10.13053/CyS-30-3-5128

64.

65.

66.

67.

68.

69.

changes in medically refractory focal epilepsy
resemble premature brain aging. Epilepsy
research, Vol. 133, pp. 28-32. DOI: 10.1016/
j.eplepsyres.2017.03.007.

Parker, G. J., Alexander, D. C. (2005).
Probabilistic anatomical connectivity derived
from the microscopic persistent angular
structure of cerebral tissue. Philosophical
transactions of the Royal Society B: Biological
sciences, Vol. 360, No. 1457, pp. 893—-902.
DOI: 10.1098/rstb.2005.1639.

Ronan, L., Pienaar, R., Williams, G.,
Bullmore, E., Crow, T. J., Roberts, N.,
Jones, P. B., Suckling, J., Fletcher,
P. C. (2011). Intrinsic curvature: a marker
of millimeter-scale tangential cortico-cortical
connectivity?. International journal of neural
systems, Vol. 21, No. 05, pp. 351-366. DOI:
10.1142/50129065711002948.

Rossiter, H. E., Davis, E. M., Clark, E. V.,
Boudrias, M.-H., Ward, N. S. (2014). Beta
oscillations reflect changes in motor cortex
inhibition in healthy ageing. Neuroimage,
Vol. 91, pp. 360-365. DOI: 10.1016/j.
neuroimage.2014.01.012.

Sala-Llonch, R., Bartrés-Faz, D.,
Junqué, C. (2015). Reorganization of
brain networks in aging: a review of
functional connectivity studies. Frontiers
in psychology, Vol. 6, pp. 136321. DOI:
10.3389/fpsyg.2015.00663.

M. R., Bunce, D,
(2018). Resting-state
and connectivity  are
associated with alpha peak frequency
slowing in healthy aging. Neurobiology
of aging, Vol. 71, pp. 149-155. DOI:
10.1016/j .neurobiolaging.2018.07.004.

Schaefer, A., Kong, R., Gordon, E. M.,
Laumann, T. O., Zuo, X.-N., Holmes, A. J.,
Eickhoff, S. B., Yeo, B. T. (2018). Local-global
parcellation of the human cerebral cortex from
intrinsic functional connectivity MRI. Cerebral
cortex, Vol. 28, No. 9, pp. 3095-3114. DOI:
10.1093/cercor/bhx179.

Scally, B., Burke,
Delvenne, J.-F.
EEG power


10.1016/j.neuroimage.2016.04.007
10.1038/s41467-017-01285-x
10.1093/gerona/glac209
10.1371/journal.pone.0232296
10.1002/hbm.26558
10.2174/1874609812666190311160754
10.1016/j.eplepsyres.2017.03.007
10.1016/j.eplepsyres.2017.03.007
10.1098/rstb.2005.1639
10.1142/S0129065711002948
10.1016/j.neuroimage.2014.01.012
10.1016/j.neuroimage.2014.01.012
10.3389/fpsyg.2015.00663
10.1016/j.neurobiolaging.2018.07.004
10.1093/cercor/bhx179

70.

71.

72.

73.

74.

75.

76.

ISSN 2007-9737

Geometrical Deep Learning: A Feasible Methodology for Brain Age Prediction 1605

Schaer, M., Cuadra, M. B., Tamarit, L.,
Lazeyras, F., Eliez, S., Thiran, J.-P. (2008).
A surface-based approach to quantify local
cortical gyrification. IEEE transactions on
medical imaging, Vol. 27, No. 2, pp. 161-170.
DOI: 10.1109/TMI.2007.903576.

Shafto, M. A., Tyler, L. K., Dixon, M.,
Taylor, J. R., Rowe, J. B., Cusack, R.,
Calder, A. J., Marslen-Wilson, W. D.,
Duncan, J., Dalgleish, T., et al. (2014).
The Cambridge centre for ageing and
neuroscience (Cam-CAN) study protocol:
a cross-sectional, lifespan, multidisciplinary
examination of healthy cognitive ageing.
BMC neurology, Vol. 14, pp. 1-25. DOI:
10.1186/512883-014-0204-1.

Singh, S. P. (2014).
Magnetoencephalography: basic principles.
Annals of Indian Academy of Neurology,
Vol. 17, No. Suppl 1, pp. S107. DOL:
10.4103/0972-2327.128676.

Steffener, J., Habeck, C., O’Shea, D.,
Razlighi, Q., Bherer, L., Stern, Y. (2016).
Differences between chronological and
brain age are related to education and
self-reported physical activity. Neurobiology
of aging, Vol. 40, pp. 138-144. DOI:
10.1016/j.neurobiolaging.2016.01.014.

Tadel, F., Baillet, S., Mosher, J. C., Pantazis,

D., Leahy, R. M. (2011). Brainstorm: a
user-friendly  application for MEG/EEG
analysis. Computational intelligence and
neuroscience, Vol. 2011, pp. 1-13. DOI:

10.1155/2011/879716.

Taylor, J. R., Williams, N., Cusack, R., Auer,
T., Shafto, M. A., Dixon, M., Tyler, L. K,
Henson, R. N., et al. (2017). The Cambridge
centre for ageing and neuroscience
(Cam-CAN) data repository: Structural
and functional MRI, MEG, and cognitive data
from a cross-sectional adult lifespan sample.
neuroimage, Vol. 144, pp. 262-269. DOI:
10.1016/j.neuroimage.2015.09.018.

Tournier, J.-D., Calamante, F., Gadian, D. G.,
Connelly, A. (2004). Direct estimation of

77.

78.

79.

80.

81.

82,

83.

84.

the fiber orientation density function from
diffusion-weighted MRI data using spherical
deconvolution. Neuroimage, Vol. 23, No. 3,
pp. 1176-1185. DOI: 10.1016/j .neuroimage.
2004.07.037.

Tovar-Corona, B., Flores-Alonso, S. I,
Luna-Garcia, R. (2022). Convolutional neural
network for improvement of heart valve
disease detection. Computacién y Sistemas,
Vol. 26, No. 3, pp. 1143-1150.

Uusitalo, M. A., limoniemi, R. J. (1997).
Signal-space projection method for separating
MEG or EEG into components. Medical and
biological engineering and computing, Vol. 35,
pp. 135-140. DOI: 10.1007/BF02534144,

Van Veen, B. D., Buckley, K. M. (1988).
Beamforming: A versatile approach to spatial
filtering. IEEE assp magazine, Vol. 5, No. 2,
pp. 4—24. DOI: 10.1109/53.665.

Vecchio, L. M., Meng, Y., Xhima, K,
Lipsman, N., Hamani, C., Aubert, I. (2018).
The neuroprotective effects of exercise:
maintaining a healthy brain throughout aging.
Brain plasticity, Vol. 4, No. 1, pp. 17-52. DOI:
10.3233/BPL-180069.

Voytek, B., Kramer, M. A., Case, J.,
Lepage, K. Q., Tempesta, Z. R., Knight,
R. T., Gazzaley, A. (2015). Age-related
changes in 1/f neural electrophysiological
noise. Journal of neuroscience, Vol. 35,
No. 38, pp. 13257-13265. DOI: 10.1523/
JNEUROSCI.2332-14.2015.

Walter, J., Hope, A. (1971). Nuclear
magnetic resonance and the state of
water in cells. Progress in Biophysics and
Molecular Biology, Vol. 23, pp. 1-20. DOI:
10.1016/0079-6107(71)90015-0.

Welch, P. (1967). The use of fast fourier
transform for the estimation of power spectra:
A method based on time averaging over short,
modified periodograms. IEEE Transactions on
audio and electroacoustics, Vol. 15, No. 2,
pp. 70-73. DOI: 10.1109/TAU. 1967 .1161901.

Winkler, A. M., Greve, D. N., Bjuland, K. J.,
Nichols, T. E., Sabuncu, M. R., Haberg,

Computacion y Sistemas, Vol. 30, No. 3, 2026, pp. 1587-1606

doi: 10.13053/CyS-30-3-5128


10.1109/TMI.2007.903576
10.1186/s12883-014-0204-1
10.4103/0972-2327.128676
10.1016/j.neurobiolaging.2016.01.014
10.1155/2011/879716
10.1016/j.neuroimage.2015.09.018
10.1016/j.neuroimage.2004.07.037
10.1016/j.neuroimage.2004.07.037
10.1007/BF02534144
10.1109/53.665
10.3233/BPL-180069
10.1523/JNEUROSCI.2332-14.2015
10.1523/JNEUROSCI.2332-14.2015
10.1016/0079-6107(71)90015-0
10.1109/TAU.1967.1161901

ISSN 2007-9737

1606 Santiago I. Flores-Alonso, Blanca Tovar-Corona, et al.

85.

86.

87.

88.

Computacion y Sistemas, Vol. 30, No. 3, 2026, pp. 1587-1606

A. K., Skranes, J., Rimol, L. M. (2018). Joint
analysis of cortical area and thickness as a
replacement for the analysis of the volume of
the cerebral cortex. Cerebral cortex, Vol. 28,
No. 2, pp. 738-749. DOI: 10.1093/cercor/
bhx308.

Wold, S., Esbensen, K., Geladi, P.
(1987). Principal component analysis.
Chemometrics and intelligent laboratory

systems, Vol. 2, No. 1-3, pp. 37-52. DOL:
10.1016/0169-7439(87)80084-9.

Xu, L., Ma, H., Guan, Y., Liu, J., Huang, H.,
Zhang, Y., Tian, L. (2023). A siamese network
with  node convolution for individualized
predictions based on connectivity maps
extracted from resting-state fMRI data. IEEE
Journal of Biomedical and Health Informatics.
DOI: 10.1109/JBHI . 2023.3304974.

Yankner, B. A, Lu, T., Loerch, P. (2008). The
aging brain. Annu. Rev. Pathol. Mech. Dis.,
Vol. 3, pp. 41-66. DOI: 10.1146/annurev.
pathmechdis.2.010506.092044.

Yeo, B. T., Krienen, F. M., Sepulcre, J.,
Sabuncu, M. R., Lashkari, D., Hollinshead,
M., Roffman, J. L., Smoller, J. W., Zollei,

doi: 10.13053/CyS-30-3-5128

89.

90.

91.

L., Polimeni, J. R., et al. (2011). The
organization of the human cerebral cortex
estimated by intrinsic functional connectivity.
Journal of neurophysiology. DOI: 10.1152/jn.
00338.2011.

Zhang, J., Liu, C. (2015). On linearly
constrained minimum variance beamforming.
The Journal of Machine Learning Research,
Vol. 16, No. 1, pp. 2099-2145.

Zhang, Z. (1995). A fast method to compute
surface potentials generated by dipoles within
multilayer anisotropic spheres. Physics in
medicine & biology, Vol. 40, No. 3, pp. 335.
DOI: 10.1088/0031-9155/40/3/001.

Zhuang, P., Toro, C., Grafman, J.,,
Manganotti, P., Leocani, L., Hallett, M.

(1997). Event-related  desynchronization
(erd) in the alpha frequency during
development of implicit and explicit

learning. Electroencephalography and clinical
neurophysiology, Vol. 102, No. 4, pp. 374-381.
DOI: 10.1016/50013-4694 (96)96030-7.

Article received on 19/08/2024; accepted on 10/09/2026.
*Corresponding author is René Luna-Garcia.


10.1093/cercor/bhx308
10.1093/cercor/bhx308
10.1016/0169-7439(87)80084-9
10.1109/JBHI.2023.3304974
10.1146/annurev.pathmechdis.2.010506.092044
10.1146/annurev.pathmechdis.2.010506.092044
10.1152/jn.00338.2011
10.1152/jn.00338.2011
10.1088/0031-9155/40/3/001
10.1016/S0013-4694(96)96030-7

