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2Imago7 Research Foundation, Pisa, Italy, *Department of Translational Research on New
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Resting-state fMRI functional connectivity analysis is usually performed with seed-
based methods that strongly rely on user-dependent definitions of regions of
interest. Data-driven methods like independent component analysis (ICA) can
mitigate this need. However, the number of components that should be expected
in an fMRI acquisition, which determines the model order of the ICA, is not defined,
and it is not uniformly chosen across studies. This variability is further complicated
by the dependence of component number on field strength, with higher field
strengths typically yielding more detectable components. Therefore, relying on a
predetermined number may influence the results. Here, we compare functional
maps obtained through ICA analysis at different magnetic field strengths and
at various levels of spatial detail. Our results confirm the presence of the most
frequently reported resting-state networks across field strengths and demonstrate
that higher magnetic field strength enables more robust detection of functional
networks with greater spatial detail. We also show that: (1) fixing the number of
components, although improving interpretability of group results, may provide
an incomplete picture of brain function; (2) a greater number of components is
consistently identified at higher field strength, suggesting that the model order
should be adapted according to both field strength and spatial detail.

KEYWORDS

BOLD fMRI, resting state fMRI (rsfMRI), brain connectivity, functional connectivity
(FC), independent component analyses (ICA)

Introduction

Resting-state BOLD functional Magnetic Resonance Imaging (rs-fMRI) (Biswal et al.,
1995; Azeez and Biswal, 2017; Smith et al., 2013; Raimondo et al., 2021; Van Den Heuvel and
Hulshoff Pol, 2010; Chen et al., 2020) is a widely used experimental procedure that allows
exploring brain activity during rest by identifying functionally connected brain regions in the
absence of a coherent external stimulus. Resting-state networks (RSNs) are usually, but not
exclusively, individuated by defining a Region of Interest (ROI), which can be either a single
voxel or a larger brain region, either functionally or anatomically defined (Azeez and Biswal,
2017; Van Den Heuvel and Hulshoff Pol, 2010). Functionally related areas are usually found
by comparing the seed’s time course to the rest of the brain or portions of it, generally by
means of temporal correlation or analogous measures (Azeez and Biswal, 2017). This
procedure has provided numerous insights into brain functional networks (Yang et al., 2020),
but has the drawback of user-dependent identification of an ROI, which can lead to biased
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results or an incomplete description of the brain as a whole (Smith et
al., 2013). Data-driven methods such as independent component
analysis (ICA) (Beckmann, 2012; Kiviniemi et al., 2003) might provide
a solution to this issue, as functional networks are individuated by
considering the whole brain and with minimal user-
dependent assumptions.

ICA has been frequently employed in rs-fMRI, either to detect
functional networks or noise spatial patterns, and has overall
confirmed findings previously obtained using other methods
(Damoiseaux et al., 2006; Smith et al., 2009). A crucial parameter of
ICA is the model order, that is, the number of components into which
the original dataset is decomposed, for which no standardized
criterion exists. Choosing a low number of components has the clear
advantage of aiding visualization and interpretability of the results.
However, it imposes strong prior assumptions that may obscure
individual or group differences, particularly those influenced by
factors such as age or pathology that might affect the number and the
characteristics of the components (Calhoun, 2009; Du et al., 2015;
Hyatt et al., 2015; Ongiir etal, 2010; Sorg et al., 2007; Syed et al., 2017;
Xiong et al, 2020). On the other hand, assuming too many
components might provide meaningless results by forcing functionally
connected areas to split (Calhoun et al., 2009; Li et al., 2007; Abou-
Elseoud et al., 2010). ICA toolboxes generally allow the automatic
estimation of the optimal number of components in a dataset, which
depends on the number of acquired volumes (Beckmann, 2012;
Damoiseaux et al., 2006; Calhoun and De Lacy, 2017). This would
further reduce user-driven assumptions, but is not always
implemented, as direct comparison between groups, individuals, or
studies can become impractical (Calhoun and De Lacy, 2017).

Usually, 20 to 40 independent components are assumed in the
resting brain (Smith et al., 2009; Calhoun and De Lacy, 2017; Cole et
al., 2010; Laird et al., 2011), independently of field strength and spatial
detail, although both field strength and spatial detail can be expected
to influence the number of detectable functional networks (Hu et al.,
2016; Kiviniemi et al., 2009). As high-field scanners that achieve
higher levels of spatial detail become more common, it is relevant to
understand their added value in network detection via ICA
decomposition. Increasing field strength amplifies the signal-to-noise
ratio, which allows the acquisition of fMRI data at higher spatial
resolution (Triantafyllou et al., 2005; Van Der Zwaag et al., 2009).
Higher spatial resolution can increase the number of components, for
example, by separating networks into more subnetworks. On the
contrary, with small voxel sizes, noise can dominate over the signal,
impeding the discrimination of functional networks and noise
components. The optimal number of components can then be

TABLE 1 T1-weighted sequence parameters for each magnetic field strength.

Acquisition parameters 15T
Sequence 3D FSPGR
Isotropic spatial resolution (mm) 1
FOV (mm?) 256 x 256 x 164
Matrix size 256 x 256 x 164
TR/TE/TT (ms) 12.4/5.2/700
FA (°) 10
Pixel BW (Hz) 122
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expected to increase with higher magnetic fields strength and spatial
resolution. Therefore, determining how the model order should be
adapted as these acquisition parameters change is important to
prevent biologically implausible decompositions that could
compromise the validity (Zuo et al., 2019) of conclusions on the brain
architecture, both in healthy subjects ad patients. To address how the
expected number of components should be adapted based on field
strength and spatial resolution is important to avoid biologically
implausible models resulting in invalid conclusions on the
brain architecture.

Here, we explore the effect of automatic dimensionality estimation
of ICA on rs-fMRI acquired at different field strengths, 1.5,3,and 7 T,
in a traveling brain experiment, within a group of healthy subjects.
Our aim is to investigate how the number of components is affected
by magnetic field strength and spatial resolution, as well as the
differences between automatic and fixed dimensionality analyses.

Methods
MRI protocol

Thirteen healthy volunteers (age 31-60, 7 females) with no
history of neurological or psychiatric disorders participated in the
study and were scanned at different field strengths after giving their
written informed consent. Acquisitions were conducted ona 1.5 T
GE HDxt, a GE SIGNA Premier 3T, and a GE SIGNA 7 T (GE
HealthCare). The acquisition protocols included anatomical and
resting-state BOLD-fMRI acquisitions. The protocols were
established in order to achieve an optimal protocol for each
magnetic field used, by adjusting the acquisition parameters to the
best extent allowed by each system, while keeping the total time of
acquisition constant (6 min).

During rs-fMRI, participants lied supine inside the scanner with
eyes closed, and were instructed not to think about anything in
particular. For T1-weighted images, we used 3D sequences with
isotropic spatial resolutions: Fast SPoiled GRadient echo (FSPGR) at
1.5 T and 3 T (BRAin VOlume imaging, BRAVO), and Magnetization-
Prepared RApid Gradient Echo (MPRAGE) at 7 T. Detailed sequence
parameters are reported in Table 1. fMRI data were acquired by using
2D GRE-EPI sequences at all magnetic field strengths (details in
Table 2). At 3 T and 7 T, we acquired an additional 2D GRE-EPI with
the same parameters as reported in Table 2 with inverted phase-
encoding polarity to correct geometric distortions. Dummy volumes
were acquired at the beginning of each fMRI acquisition.

3T 7T
3D BRAVO 3D MPRAGE
0.9 0.7
230 x 230 x 176 240 x 240 x 164
256 x 256 x 196 320 x 320 x 234
7.3/3/500 3560/3.9/1100
8 8
122 244
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TABLE 2 fMRI sequence parameters at each magnetic field strength.

Acquisition parameters 15T
Sequence 2D EPI-GRE
Isotropic spatial resolution (mm) 3.0

FOV (mm®) 256 x 256 x 120
Matrix size 64 x 64 x 40
TR/TE (ms) 3,000/50

FA (°) 90
Acceleration factor ASSET =2
Number of volumes 120
Acquisition time 6 min

10.3389/fnins.2025.1731143

3T 7T
2D EPI-GRE* 2D EPI-GRE*
2.2 1.8

240 x 240 x 148 230 x 230 x 144

110 x 110 x 67 128 x 128 x 80

2,000/24 2,000/21.6
90 70
ARC =2 ARC=3

Multiband = 2 Multiband =2
180 180

6 min 6 min

Sequences labelled with an asterisk were also acquired with reversed polarity to correct geometric distortions (4 volumes each). Dummy volumes were acquired at the beginning of each

sequence.
Preprocessing

Bias field correction using N4 algorithm and brain extraction were
performed using the Advance Normalization Tools (ANTSs) algorithm
(Tustison et al., 2010) on T1-weighted anatomical images, which were
then registered to the MNI template using linear and non-linear
registration in AFNI (Cox, 1996; Cox and Hyde, 1997). Anatomical data
were then segmented into grey matter (GM), white matter (WM), and
Cerebrospinal Fluid (CSF) using 3dSeg in AFNI. On functional data, we
performed despiking, slice-timing correction, and a two-step motion
correction by first determining the volume with minimal displacement
from the average time series and then registering all time points to the
selected volume. Brain extraction was then performed using the BET
algorithm in FSL (Smith, 2002). EPI images were corrected for geometric
distortions (only for 3 T and 7 T data) using AFNI 3dQwarp and then
aligned to the corresponding T'1-weighted data. Spatially aligned data
were then smoothed to FWHMs of 4, 6, 8, and 12mm using
3dBlurToFWHM in AFNI and scaled to percent signal change. This
range of smoothing levels was chosen because it covers the values that
are usually used for the field strengths employed here (Smith et al., 2009;
Triantafyllou et al., 2006). As physiological and thermal noise are affected
differently by smoothing (Triantafyllou et al., 2006), these datasets were
regarded as an approximation of images with different spatial resolutions.
While such datasets cannot be considered independent from each other,
synthesizing such images from the same scan allows us to compare ICA
results without introducing additional confounding factors, like motion
or individual differences across scanning sessions (Maknojia et al., 2019).
Finally, regression of nuisance time courses included the 6 motion
degrees of freedom and the average WM and CSF signal. WM and CSF
time courses were generated from the signal averaged over the
segmentation masks obtained from the T1-weighted image, after
resampling to the spatial resolution of the corresponding fMRI data.
Time-courses were then pass-band filtered (0.01-0.1 Hz).

Data analysis
ICA was performed using MELODIC in FSL (Beckmann and
Smith, 2004), at the group level [group-ICA, gICA (Du et al., 2015;

Calhoun et al., 2009)], for all levels of smoothing and field strengths
separately. Dimensionality, that is, the number of components, was
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either fixed to 20 or estimated automatically by MELODIC. The model
order of 20 was chosen in accordance with previous studies (as in Smith
etal., 2009; Laird et al., 2011 for 3 T data). gICA probability maps were
clusterized in AFNI with a second nearest-neighbors (face and edges)
minimum cluster size of 80, after thresholding to 0.95. Spatial similarity
between components was estimated through Pearson’s spatial
correlation to address the robustness of ICA networks at different levels
of spatial detail (smoothing). For each field strength, gICAs with the
highest level of smoothing (12 mm-FWHM), with either fixed or
automatic dimensionality, were used as benchmarks for gICA obtained
under different conditions (lower level of smoothing and/or automatic
dimensionality). This allows us to assess the number of components
that are consistently identified across different levels of spatial detail,
and how fixed or automatic dimensionality affects the resulting spatial
patterns. The underlying rationale is that increased smoothing enhances
SNR but reduces spatial detail, diminishing differences across field
strengths. Therefore, we selected a reference template and evaluated
how many components matched the template when smoothing was
reduced or when dimensionality was switched from fixed to automatic.
Table 3 summarizes the experiments performed in this work, i.e., the
comparisons between each template (presented in the columns) and the
test set of ICAs (in the rows). Each comparison, labelled as Experiment
1 to 5, results in a correlation matrix for each magnetic field strength
and level of smoothing. The dimension of each correlation matrix
depends on the number of components in the test and template and is
indicated in Table 3. When the ICA dimensionality was free to vary, the
number of resulting components in the template and test sets is
indicated in the table as M;; and Nj, respectively, where i represents the
levels of smoothing and j the magnetic field strengths. In all cases, a
component in the test set was considered matched to a component in
the template if the spatial correlation between the corresponding t-score
maps was higher than 0.25 (Laird et al., 2011). The temporal Signal-to-
Noise Ratio (tSNR) was estimated voxel-wise using AFNT as the ratio
of the mean signal to its standard deviation over time, and then
averaged across the skull-stripped mask of the whole brain.

Results

At the end of the study, among the total of 13 recruited healthy
participants, 11 were scanned at 1.5 T (6 females), 10 at 3 T (5 females),
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TABLE 3 Summary of the comparisons between different gICA.

Template
glCA glCA glCA glCA

DIM = 20 DIM = auto DIM = 20 DIM = auto
Smoothing = 12 mm Smoothing = 12 mm Smoothing = 4, 6, 8, Smoothing =4, 6, 8,
12 mm 12 mm

gICA Experiment 1
DIM =20 3 field x 3 smoothing
Smoothing = 4, 6, 20 x 20 correlation matrices

8 mm

gICA Experiment 2
DIM = auto 12
Smoothing = 4, 6, 8, N;; x 20 correlation matrices

12 mm

gICA Experiment 3
DIM = auto 3 field x 3 smoothing
Smoothing = 4, 6, Nj; x Mj; correlation matrices

8 mm

ssICA Experiment 4
DIM =20 S; x 3 fields
Smoothing = 4, 6, 8, 20 x 20 correlation matrices

12 mm

ssICA Experiment 5
DIM = auto S; x 3 fields
Smoothing = 4, 6, 8, N;; x M;; Correlation matrices

12 mm

Columns indicate the templates used for the comparisons, their model order, either fixed to 20 (DIM = 20) or automatic (DIM = auto), and their smoothing level. Rows indicate the test set of
gICA, their model order, and the smoothing levels. Each comparison, labelled as Experiments 1 to 4, results in a correlation matrix for each level of smoothing and field strength, with
dimensions depending on the number of components in the template, My, and in the test, N, where i = levels of smoothing (4, 6, 8, and 12 mm) and j = field strength (1.5, 3,and 7 T).

300

100

Mean tSNR

4 6
Smoothing (mm)

FIGURE 1

Bar plot of tSNR calculated before (“Pre”) and after ("Post”) pre-processing and after smoothing to 4, 6, 8, and 12 mm. Bars show the average across
participants, in red, blue, and green for 1.5 T, 3T and 7 T, respectively; circles represent values for each participant. Before pre-processing, 1.5 T has
higher tSNR than higher fields, because of the larger voxel size. Pre-processing improves tSNR for all fields and participants and almost completely

compensates for the aforementioned difference. Smoothing improves tSNR even further, as expected. While 7 T data show slightly lower tSNR than
lower fields, our dataset can be regarded as fairly homogeneous in data quality.

and 9 at 7 T (4 females). Figure 1 shows, for each magnetic field  show that increasing the magnetic field strength allows for obtaining
strength, the tSNR for each subject before (“Pre”) and after (“Post”)  data with comparable SNR and smaller voxel sizes (higher spatial
pre-processing, and after smoothing at 4, 6, 8, and 12 mm. These data  resolution). On raw data, SNR is higher at 1.5 T, but this difference is
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mitigated after data pre-processing, even before smoothing. As  matching of gICAG6 to the lateral visual RSN is due to the higher spatial
expected, smoothing improved tSNR even further, which remained  correlation with the lateral visual RSN (p = 0.47) than to the occipital
slightly lower at 7 T than at lower fields. This demonstrates that the ~ visual RSN (p =0.28), although this value was also considered
quality of our dataset is fairly homogeneous across field strength. significant. The Default Mode Network (DMN, row 4) is found in our
dataset, but the medial frontal cluster is larger and also includes some
parietal clusters. The cerebellum RSN (row 5) is best matched by
Ex peri ment 1 gICA14, which clearly shows some cerebellar areas, but is also
contaminated by noise. In fact, the correlation coefficient between
The set of the 10 major RSN identified in Smith et al. (2009),  these networks is lower than 0.25 (p = 0.22), and is indicated in the
which resulted from the analysis of 36 subjects during resting-state at ~ figure by an asterisk. The somatosensory RSN (row 6) is present in our
3 T, was used as a template. The gICA for each field strength with  dataset (gICA3), albeit with a smaller extension. This is also true for
12 mm smoothing and dimensionality fixed to 20 was compared to  the auditory network (row 7), which is missing some temporal
this template via spatial correlation. Each RSN of the template was  activations. The executive control RSN (row 8) is best matched by
matched to the gICA component showing the highest spatial ~ gICA7, which has very similar frontal activations, but a very different
correlation. Most of the RSN of the template were identified in the  occipital spatial pattern.
gICA for all field strengths, as shown in Figure 2. At 3 T, the occipital visual RSN (row 2) has been included in the
At 1.5 T, the occipital visual RSN (row 2) is not found in our  medial visual RSN (row 1) and in the lateral visual RSN (p = 0.31 and
dataset, but has likely been included in the lateral visual RSN (row 3,  p = 0.26, respectively). The DMN best matches gICA1 (p = 0.45), but
gICA®6), which also shows some thalamic activations. The preferential ~ also correlates strongly with gICA15 (p=0.41, shown in

Template 1.5T 3T T

Medial Visual

Lateral Visual

~

a3
o

Frontoparietal Right

" Frontoparietal Left
'Y Y
i' 1 o~
2 z A¥

FIGURE 2

Results of the comparison between the RSN template from Smith et al. (2009) and gICA at different field strengths, obtained with 12 mm smoothing
and dimensionality fixed to 20. Columns from left to right: template components, displayed in the original order, best matching components at 1.5, 3,
and 7 T. The top right corner of each panel displays the RSN names for the template or the component number assigned by MELODIC. The asterisks
denote components that, while representing the best match for the template, have a correlation coefficient lower than 0.25
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Supplementary figures). gICA15 has medial parietal and inferior-
lateral-parietal clusters resembling those of the DMN in the template,
which are larger than those in gICA1. A similar splitting involves the
sensorimotor RSN (row 6) which best matches gICA6 (p = 0.46), but
is also strongly correlated with gICA8 (p=0.44, shown in
Supplementary figures), which comprises the primary sensory cortex
bilaterally, not completely covered by gICA6. The executive control
RSN (row 8) matches gICA1 (p = 0.33) and gICA12 (p = 0.35), which,
however, show a better match with the DMN (p = 0.45) and the
frontoparietal right (row 9, p = 0.36), respectively. Therefore, in the
figure, we reported the third best matching component, which has a
correlation coefficient lower than 0.25 (p = 0.21), indicated by an
asterisk. The right frontoparietal RSN (row 9) also matches gICA18
(p=0.26, shown in Supplementary figures), which has large
temporoparietal clusters lateralized on the right side, which are
smaller in gICA12 than in the template.

At 7 T, the three visual areas are correctly matched, but the rostral
area of the lateral visual RSN (row 2) has been included in the medial
and occipital visual RSNs (rows 1 and 2). The DMN (gICA9, p = 0.47,
row 4) is lacking the temporal clusters, which are found in gICA13
(p =0.41, shown in Supplementary figures). The medial-parietal
cluster has also a smaller extension than the template, and part of it is
found in gICAl (p = 0.25, shown in Supplementary figures). No
components match the cerebellum RSN (p,., = 0.10); gICA4 covers
the posterior cerebellum, but has a small correlation with the template
(p = 0.05). The sensorimotor RSN (row 6, gICA2) is smaller than the
template, and parts of it can be found in gICA5 and gICA7 (p = 0.26
and p = 0.29). The same is true for the auditory RSN (row 7), which is
split across gICA8 (p=0.32), gICA2 (p=0.31, shown in
Supplementary figures), and gICA1l (p =0.28, not shown). The
executive control RSN (row 8) is best matched by gICA9 (p = 0.40),
which, however, matches better the DMN (p = 0.47), and then by
gICA8 (p=0.23), which matches the auditory RSN (p =0.32).

10.3389/fnins.2025.1731143

Therefore, the third best matching component, gICA17, is reported in
the figure, despite its low correlation coeflicient (p = 0.21).

To summarize, most components in the template can be identified
in the gICA at all field strengths. The three visual networks tend to
merge, as previously reported (Beckmann et al., 2005), and only at 7 T
are successfully separated as in the template. The DMN tends to
incorporate some frontal regions of the executive control RSN, while
temporoparietal clusters are split across other components, especially
at 7 T. The cerebellum is correctly identified only at 3 T with this
configuration, while at 7 T, none of the 20 components fully cover the
cerebellar region. The somatosensory and auditory components are
also split across components. The executive control RSN appears as
the most challenging to detect, as portions of it are included in the
DMN or in the right frontoparietal RSN at all field strengths. The two
frontoparietal networks are the easiest to match unambiguously
because of their strong lateralization.

Opverall, these results confirm the presence of conventional RSNs
in our dataset, but also show that an unambiguous interpretation of
the resulting components is not straightforward, due to merging and
splitting components. Moreover, our results at 3 T also deviate from
the template, suggesting additional variability even with matching
magnetic field strength and spatial resolution. This is likely due to the
lower number of participants included in our study with respect to the
external template, resulting in a different relevance of noise and true
components in the group analysis (Xu et al., 2025).

Experiment 2

For each magnetic field strength, the gICA with dimensionality of
20- and 12-mm smoothing used in Experiment 1 was used as the
template for the gICA with the same fixed dimensionality and lower
levels of smoothing (4, 6, and 8 mm). Results are shown in Figure 3.

20

-0-1.5T|
-o-3T
--7T

=
(6}

.
o

Number of Matched Components
w

Smoothing (mm)

FIGURE 3

components with the correlation coefficient higher than 0.25.

Results of Experiment 2, i.e., the comparison between gICA with fixed dimensionality of 20 at different levels of smoothing (4, 6, and 8 mm) against a
template obtained with the same dimensionality and with 12 mm smoothing (red, blue, and green for 1.5, 3, and 7 T data, respectively). (A) Number of
components with a correlation coefficient higher than 0.25 with one of the components of the template. (B) Mean correlation across those
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The plots report the number of components that are spatially matched
(Pearson correlation r > 0.25) by a component in the template, at
different levels of smoothing (panel A) and the mean correlation
coefficient across matched components (panel B). At 1.5 T, smoothing
below 6 mm significantly reduces the number of matched components
(from 14 matching components at 8 mm, to 4 at 4 mm), suggesting
lower robustness of the results compared to those obtained at higher
field strengths. A similar effect is also visible at 3 T, albeit, even at
4 mm smoothing, more than 10 components match the template. On
the contrary, at 7 T, the number of matched components is only mildly
affected by smoothing. The mean correlation is larger at higher field
strength, and its trend with smoothing has a similar slope across fields,
indicating that matched components become overall more similar
with increased smoothing and field strength.

Experiment 3

Using the same three templates of Experiment 2 (gICA with
dimensionality = 20 and smoothing = 12 mm, one for each magnetic
field strength), we evaluated the results of gICA with automatic
dimensionality at all smoothing levels. The number of components
estimated by MELODIC varied from a minimum of 30 (obtained for
1.5 T and 12 mm smoothing) to a maximum of 145 (for 7 T and 4 mm
smoothing). The number of components estimated at all magnetic field
strengths and all levels of smoothing, as well as the number of matched
components with the respective template, is reported in Table 4.

Results of the comparison with the template are shown in Figure 4.
Panels A and B show the number of matching components and their
mean correlation as a function of smoothing, as in Figure 3. Again, the
number of components matching the respective template increases at
higher magnetic fields (panel A). The mean correlation in panel B
appears higher at 1.5 T. This is because at 1.5 T there are overall less
components, and since the acquisition matrix size is smaller than at
higher fields, because the voxel size is larger and the FOV is similar,
components found at 1.5 T have larger size than those at higher fields.
Correlation coefficients are not affected by the components’ extension,
but components of larger size are more likely to share similarities with
the template at lower smoothing, as they cover the same FOV, and
therefore the overall similarity to the template is overestimated when
only matching components are considered.

Experiment 4

Here, we used the gICAs analysed in Experiment 3 (automatic
dimensionality and smoothing = 12 mm, one for each magnetic field

TABLE 4 Total number of components found with automatic
dimensionality and number of matching components with the respective
template for each magnetic field strength and smoothing level.

Matched components/total components

Field 4 mm 6 mm 8 mm 12 mm
15T 9/52 25/49 27/43 24/30
3T 26/93 34/77 36/67 46/83
7T 47/145 45/110 45/93 45/103
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strength) as the templates to compare with the gICAs results obtained
with automatic dimensionality and different smoothing levels. Results
are displayed in Figure 5. With increased field strength, there are more
matching components (panel A) with a higher mean correlation
coeflicient (panel B). Interestingly, at 7 T, the number of matching
components increases slightly with lower smoothing, suggesting that
components found with 12 mm smoothing are also found at lower
smoothing levels. Mean correlation values have a similar behavior to
that in Figure 3B, with correlations increasing with a larger level of
smoothing and a higher magnetic field.

Figure 6 shows examples of components obtained at 7 T with
12 mm smoothing and automatic dimensionality that are not captured
when dimensionality is fixed to 20: in particular, the RSN 35 and RSN
48 components identify the thalamic nuclei and the basal ganglia, and
even five non-overlapping cerebellar components cover the
cerebellum. With dimensionality fixed to 20, we only found a partial
coverage in RSN 4, shown in Figure 2 in row 5.

Discussion

To our knowledge, this is the first work that compares ICA on
rs-fMRI data at three different field strengths with the aim of exploring
the dependency of ICA on magnetic field strength, model order, and
spatial smoothing, which was used as a proxy for different levels of
spatial resolution. Our results show that, both when the number of
components is fixed or estimated automatically, and therefore free to
vary, ICA results are more consistent at higher field strengths, both
across smoothing levels and when compared to an external reference.
The latter is suggested by the results of Experiment 1, where the RSNs
obtained at different fields were compared to the template derived by
Smith et al. (2009). Despite this template cannot be regarded as a
biological ground-truth, it can be used to estimate deviations from a
reference obtained with a significant number of subjects. Our data show
that deviations from this template are more severe at lower field, with
higher stability of RSN at higher field. Further studies are needed to
identify a consistent and robust method for selecting this number. While
this work suggests that the expected number of components should be
adapted to the field strength and spatial resolution at which data are
acquired, further studies are needed to identify a consistent and robust
method for selecting this number. Moreover, this study suggests that the
expected number of components should be adapted to the field strength
and spatial resolution at which data are acquired. This is in line with
previous studies (Smith et al., 2009; Li et al., 2007; Abou-Elseoud et al.,
2010) showing that biologically relevant networks can be found across
a wide range of dimensionalities, possibly reflecting the biological
complexity of the signals and systems (Beckmann, 2012). In Kreitz et al.
(2023), the authors compared 3 T and 7 T acquisitions and reported
findings similar to ours regarding the increased spatial sensitivity of ICA
at higher field strengths, but their analysis was limited to 20 components.
Additionally, different algorithms can find different ICA on the same
dataset (Wei et al., 2022). Moreover, from the perspective of using the
ICA approach to study the functional brain organization across
development and aging, as well as in various neurological and psychiatric
conditions, we have to consider that age differences (Littow et al., 2010)
and pathologies (Calhoun, 2009; Du et al., 2015; Hyatt et al., 2015;
Ongiir etal,, 2010; Sorg et al., 2007; Syed et al., 2017; Xiong et al., 2020)
can also affect the number of components that should be expected.
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FIGURE 4

Results of Experiment 3, i.e., for each magnetic field, the comparison between gICA obtained with automatic dimensionality at different levels of
smoothing (4, 6, and 8 mm) against the template obtained with a fixed dimensionality of 20- and 12-mm smoothing (red, blue, and green for 1.5, 3,
and 7 T data, respectively). Panel A shows the number of components with a correlation coefficient higher than 0.25; panel B shows the mean
correlation coefficient across matched components. The higher apparent mean correlation at 1.5 T is due to the lower number of detected

components.
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Results of Experiment 4, i.e., for each magnetic field, the comparison between gICA obtained with automatic dimensionality at different levels of
smoothing (4, 6, and 8 mm) against the template obtained with automatic dimensionality and 12 mm smoothing (red, blue, and green for 1.5, 3,and 7 T
data, respectively). Panels A and B, respectively, show the number of matched components with a correlation coefficient higher than 0.25 with one of
the components of the template and the mean correlation across those components with the correlation coefficient higher than 0.25. More
components are matched at higher fields, and at 7 T the number slightly increases with decreased smoothing (panel A).

Therefore, fixing its number might result in overlooking differences
across groups or individuals.

The number of components is usually kept low to facilitate
visualization and data handling, but our results indicate that
constraining the number of components can lead to missing RSN, as
shown in Figure 6. Classifying components by visual inspection,
especially when their number is high, can be difficult and time-
consuming. A possible strategy that is frequently used is to compare
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components to an external template through spatial correlation. This
allows the identification of the most relevant networks, as we did in
Experiment 1, but has limitations (Zuo et al., 2010). Using an external
template with a fixed number of components, such as Smith et al. (2009)
or Laird et al. (2011), can limit the exploration of the brain functional
architecture by missing extra components that may merge with other
networks. Additionally, to our knowledge, templates for 7 T rs-fMRI
data are not available, which can undermine the added value of
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Examples of components not captured with fixed dimensionality

Thalamic Nuclei

Basal Ganglia

FIGURE 6

cerebellum is covered only partially in RSN 4, row 5.

Examples of components found on 7 T data with automatic dimensionality (smoothing = 12 mm) that were not observed with dimensionality
constrained to 20: left panels show the thalamic nuclei (top, RSN 35) and the basal ganglia (bottom, RSN 48). Right panels show five components
covering the cerebellar region. Compare with the third column in Figure 2, where no thalamic or basal ganglia components are present, and the

Cerebellum

increased field strength. For example, the thalamic nuclei in the template
RSN from Smith et al. (2009) are included in the occipital visual network
(Figure 2), while in our data at 7 T with automatic dimensionality, the
thalamic nuclei appear as a separate component (Figure 6). Analogously,
the basal ganglia in the template are partially included in the executive
control network, but are present as an individual component in our
results at 7 T. Moreover, the cerebellar component appears in the
template from Smith et al. (2009) as a single component, while in our
7 T data, the cerebellum is not covered when dimensionality is fixed to
20, and it appears as 5 separate components when dimensionality is
automatically determined. In general, the biological relevance of RSNs
can be based on morphological or functional prior knowledge, as in the
case of the aforementioned subcortical components. However, the
validity of more complex networks that may be revealed by not fixing
a-priori the number of expected components could be verified if they
are consistently identified by independent studies. In this case, their
functional relevance can be addressed at later stages of investigation, not
very differently from what has been done with the DMN, which was first
identified in independent studies and only later given a functional
significance. On the other hand, reaching a consensus on the plausible
number of expected components could ease the harmonization across
studies and reduce the computational demands.

It should be noted that we did not discriminate between true
activation components and noise components. Noise components do
not have any functional relevance, but they can be used as nuisance
regressors during pre-processing (Pruim et al., 2015; Thomas et al.,
2002). Therefore, the robustness of noise components is also of
interest, and consistent splitting of artefactual components can
improve data cleaning. Additionally, splitting of true activation
components has been reported previously (Hyatt et al., 2015; Hu et al.,
2016; Zuo et al., 2010; Biswal et al., 2010; Laird et al., 2009; Uddin et
al., 2009). Distinguishing between true activation components and
noise components can be challenging, especially when their number
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is high. In general, many different features need to be addressed to
separate true networks and artefactual components, the most
important being the spatial map, the time course of the network and
their power spectrum. Spatial patterns of true components can be
expected to be composed of localized clusters of activity, while noise
components might appear more randomly distributed; their time
course should reflect BOLD-like signals, therefore exhibiting smooth
fluctuations; the frequency power spectrum should be dominated by
frequencies below 0.1 Hz. Common artefactual components arise
from cardiac or head motions, signals from veins or non-grey matter
tissue, susceptibility artefacts or acquisition related issues (Salimi-
Khorshidi et al., 2014).

Because no single sequence parameter is optimal for all field
strengths, we opted to acquire sequences optimized for each field
strength to obtain datasets more representative of each condition
(Triantafyllou et al., 2005). Nevertheless, the main limitations of this
study include, together with the use of non-uniform rs-fMRI
acquisitions, the limited number of participants, and the use of spatial
correlation as a metric for ICA similarity. The factor most likely to have
affected the results is the different TR at 1.5 T (3 s), mandated by scanner
capabilities, compared to 3 T and 7 T (2 s), given the fixed acquisition
duration of 6 min. This difference might have affected the number of
components estimated automatically, since fewer volumes were acquired
within the same time period, and it might have made the analysis less
sensitive to components characterized by oscillations in a different
frequency range (Gong and Zuo, 2025). However, the difference in the
number of components between 3 T and 7 T, where the TR was the
same, appears consistent with the difference found for the 1.5 T data.
Additionally, no comparison was made between ICA components
obtained at different field strengths, so the different decrease in the
number of matching components with reduced spatial smoothing is not
likely to be caused by the different TR, which was shown to affect only
slightly ICA on rs-fMRI (Huotari et al., 2019). The limited number of
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participants in this study may limit the generalizability of our results, but
sample sizes comparable to ours are common in fMRI studies. Further
studies with more participants are needed to confirm our results. The
comparison with external templates and the robustness of our analysis
across smoothing levels is an indication that gICA can provide
meaningful results even in a small cohort of participants. The use of
Pearsons spatial correlation was dictated by its simplicity in
interpretation, but it can over- or underestimate the similarity between
functional maps, especially when comparing maps with a large number
of voxels (Zuo et al., 2010). However, in our comparisons, any potential
underestimation or overestimation should be comparable and
approximately uniform across fields and smoothing. While more
elaborate approaches of spatial pattern comparisons might improve the
accuracy of network matching, spatial correlation is frequently used for
comparison across independent components (Smith et al., 2009; Laird
etal, 2011). Finally, we assumed that varying spatial smoothing could
be treated as an approximation of different spatial resolutions. Although
it is not equivalent to acquiring data at different spatial resolutions, and
it has been shown to be actually more beneficial than increasing voxel
size, especially at high field (Triantafyllou et al., 2006), it constrains the
spatial independence of the data (Hu et al., 2016; White et al., 2001),
possibly merging activation clusters into one. The benefit of this
approach is that it does not introduce confounding factors arising from
repeated acquisitions, such as individual differences across sessions or
subjects’ motion, which can be particularly detrimental in rs-fMRI,
where signal fluctuations can be small (Maknojia et al., 2019).

Conclusion

ICA is frequently used to generate RSNs, but the number of
components is often limited to facilitate data visualization and
interpretation. We have shown that this restriction can provide
incomplete representations of the resting brain. The expected number
of components should instead be based on the level of spatial detail or
estimated from the data under consideration. Additionally, our results
highlight the added value of ultra-high field in rs-fMRI, as results are
less degraded by minimal smoothing at 7 T than at lower field
strengths, even when tSNR is matched across fields. This work
contributes to rs-fMRI research by clarifying how magnetic field
strength, spatial smoothing, and dimensionality affect ICA outcomes,
thereby guiding future methodological choices.

Data availability statement

Data may be provided to interested researchers upon request to
the corresponding author, after clearance from the IRB.

Ethics statement

The studies involving humans were approved by Regional Ethics
Committee for Clinical Trials of the Tuscany Region, Section: Area
Vasta Nord Ovest (n.17664, approved on June 24, 2021). The studies
were conducted in accordance with the local legislation and
institutional requirements. The participants provided their written
informed consent to participate in this study.

Frontiers in Neuroscience

10.3389/fnins.2025.1731143

Author contributions

PA: Methodology, Investigation, Formal analysis, Writing -
original draft, Writing - review & editing. ML: Methodology,
Investigation, Data curation, Writing - original draft, Writing - review
& editing. PC: Investigation, Data curation, Writing - review &
editing. MT: Conceptualization, resources, Writing -review & editing.
LB: Conceptualization, Methodology, Investigation, Writing - review
& editing.

Funding

The author(s) declared that financial support was received for this
work and/or its publication. This study was partially supported by the
Italian Ministry of Health under the grant “RC 2025” to IRCCS
Fondazione Stella Maris, and by the Italian Ministry of Economy and
Finance under the project “Developmental Brain Abnormality
Imaging(- An integrated network for studying developmental brain
disorders (DeBrAIn)”—CCR-2017-23669082, and by Fondazione Pisa
(Grant n. 305/22).

Conflict of interest

The author(s) declared that this work was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

The author LB declared that they were an editorial board member
of Frontiers, at the time of submission. This had no impact on the peer
review process and the final decision.

Generative Al statement

The author(s) declared that Generative AI was not used in the
creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this
article has been generated by Frontiers with the support of artificial
intelligence and reasonable efforts have been made to ensure accuracy,
including review by the authors wherever possible. If you identify any
issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fnins.2025.1731143/
full#supplementary-material

frontiersin.org


https://doi.org/10.3389/fnins.2025.1731143
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://www.frontiersin.org/articles/10.3389/fnins.2025.1731143/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fnins.2025.1731143/full#supplementary-material

Ambrosi et al.

References

Abou-Elseoud, A., Starck, T., Remes, J., Nikkinen, J., Tervonen, O., and Kiviniemi, V.
(2010). The effect of model order selection in group PICA. Hum. Brain Mapp. 31,
1207-1216. doi: 10.1002/hbm.20929

Azeez, A. K, and Biswal, B. B. (2017). A review of resting-state analysis methods.
Neuroimaging Clin. N. Am. 27, 581-592. doi: 10.1016/j.nic.2017.06.001

Beckmann, C. F. (2012). Modelling with independent components. Neurolmage 62,
891-901. doi: 10.1016/j.neuroimage.2012.02.020

Beckmann, C. E, DeLuca, M., Devlin, J. T., and Smith, S. M. (2005). Investigations into
resting-state connectivity using independent component analysis. Philos Trans R Soc B
Biol Sci. 360, 1001-1013. doi: 10.1098/rstb.2005.1634

Beckmann, C. F, and Smith, S. M. (2004). Probabilistic independent component
analysis for functional magnetic resonance imaging. IEEE Trans. Med. Imaging 23,
137-152. doi: 10.1109/TM1.2003.822821

Biswal, B. B., Mennes, M., Zuo, X. N., Gohel, S., Kelly, C., Smith, S. M., et al. (2010).
Toward discovery science of human brain function. Proc. Natl. Acad. Sci. 107,
4734-4739. doi: 10.1073/pnas.0911855107

Biswal, B., Zerrin Yetkin, F.,, Haughton, V. M., and Hyde, J. S. (1995). Functional
connectivity in the motor cortex of resting human brain using echo-planar MRI. Magn.
Reson. Med. 34, 537-541. doi: 10.1002/mrm.1910340409

Calhoun, V. D. (2009). Functional brain networks in schizophrenia: a review. Front.
Hum. Neurosci. 3:17. doi: 10.3389/neuro.09.017.2009

Calhoun, V. D,, and De Lacy, N. (2017). Ten key observations on the analysis of
resting-state functional MR imaging data using independent component analysis.
Neuroimaging Clin. N. Am. 27, 561-579. doi: 10.1016/j.nic.2017.06.012

Calhoun, V. D,, Liu, J., and Adals, T. (2009). A review of group ICA for fMRI data and
ICA for joint inference of imaging, genetic, and ERP data. Neurolmage 45, S163-S172.
doi: 10.1016/j.neuroimage.2008.10.057

J Chen, GJ Thompson, S Keilholz and P Herman, editors. Origins of the resting-state fMRI
signal [Internet]. Frontiers Media SA; 2020. Available online at: https://www.frontiersin.org/
research-topics/7006/origins-of-the-resting-state-fmri-signal (Accessed October 17, 2025)

Cole, D. M., Smith, S. M., and Beckmann, C. E. (2010). Advances and pitfalls in the
analysis and interpretation of resting-state FMRI data. Front. Syst. Neurosci. 4:8. doi:
10.3389/fnsys.2010.00008

Cox, R. W. (1996). AFNI: software for analysis and visualization of functional
magnetic resonance neuroimages. Comput. Biomed. Res. 29, 162-173. doi: 10.1006/
cbmr.1996.0014

Cox, R. W,, and Hyde, J. S. (1997). Software tools for analysis and visualization of fMRI
data. NMR Biomed. 10, 171-178. doi: 10.1002/(SICI)1099-1492(199706/08)10:4/5<171
:AID-NBM453>3.0.CO;2-L

Damoiseaux, J. S., Rombouts, S. A. R. B, Barkhof, F, Scheltens, P,, Stam, C. J.,
Smith, S. M., et al. (2006). Consistent resting-state networks across healthy subjects.
Proc. Natl. Acad. Sci. 103, 13848-13853. doi: 10.1073/pnas.0601417103

Du, Y, Pearlson, G. D,, Liu, ], Sui, ], Yu, Q,, He, H,, et al. (2015). A group ICA based
framework for evaluating resting fMRI markers when disease categories are unclear:
application to schizophrenia, bipolar, and schizoaffective disorders. NeuroImage 122,
272-280. doi: 10.1016/j.neuroimage.2015.07.054

Gong, Z. Q., and Zuo, X. N. (2025). Dark brain energy: toward an integrative model
of spontaneous slow oscillations. Phys Life Rev 52, 278-297. doi: 10.1016/j.
plrev.2025.02.001

Hu, Y., Wang, J,, Li, C., Wang, Y. S., Yang, Z., and Zuo, X. N. (2016). Segregation
between the parietal memory network and the default mode network: effects of spatial
smoothing and model order in ICA. Sci. Bull. 61, 1844-1854. doi: 10.1007/
511434-016-1202-z

Huotari, N., Raitamaa, L., Helakari, H., Kananen, J., Raatikainen, V., Rasila, A., et al.
(2019). Sampling rate effects on resting state fMRI metrics. Front. Neurosci. 13:279. doi:
10.3389/fnins.2019.00279

Hyatt, C. J., Calhoun, V. D,, Pearlson, G. D., and Assaf, M. (2015). Specific default
mode subnetworks support mentalizing as revealed through opposing network
recruitment by social and semantic FMRI tasks: mentalizing and default-mode
subnetworks. Hum. Brain Mapp. 36, 3047-3063. doi: 10.1002/hbm.22827

Kiviniemi, V., Kantola, J. H., Jauhiainen, J., Hyvérinen, A., and Tervonen, O. (2003).

Independent component analysis of nondeterministic fMRI signal sources. NeuroImage
19, 253-260. doi: 10.1016/5S1053-8119(03)00097-1

Kiviniemi, V., Starck, T., Remes, J., Long, X., Nikkinen, J., Haapea, M., et al. (2009).
Functional segmentation of the brain cortex using high model order group PICA. Hum.
Brain Mapp. 30, 3865-3886. doi: 10.1002/hbm.20813

Kreitz, S., Mennecke, A., Konerth, L., Résch, ., Nagel, A. M., Laun, F. B,, et al. (2023).
3T vs. 7T fMRI: capturing early human memory consolidation after motor task utilizing
the observed higher functional specificity of 7T. Front. Neurosci. 17:1215400. doi:
10.3389/fnins.2023.1215400

Laird, A. R., Eickhoff, S. B., Li, K., Robin, D. A., Glahn, D. C., and Fox, P. T. (2009).
Investigating the functional heterogeneity of the default mode network using coordinate-

Frontiers in Neuroscience

11

10.3389/fnins.2025.1731143

based meta-analytic modeling. J. Neurosci. 29, 14496-14505. doi: 10.1523/
JNEUROSCI.4004-09.2009

Laird, A. R,, Fox, P. M., Eickhoff, S. B., Turner, J. A,, Ray, K. L., McKay, D. R., et al.
(2011). Behavioral interpretations of intrinsic connectivity networks. J. Cogn. Neurosci.
23, 4022-4037. doi: 10.1162/jocn_a_00077

Li, Y,, Adaly, T., and Calhoun, V. D. (2007). Estimating the number of independent
components for functional magnetic resonance imaging data. Hum. Brain Mapp. 28,
1251-1266. doi: 10.1002/hbm.20359

Littow, H., Elseoud, A. A., Haapea, M., Isohanni, M., Moilanen, I., Mankinen, K., et al.
(2010). Age-related differences in functional nodes of the brain cortex - a high model
order group ICA study. Front. Syst. Neurosci. 4:32. doi: 10.3389/fnsys.2010.00032

Maknojia, S., Churchill, N. W,, Schweizer, T. A., and Graham, S. J. (2019). Resting
state fMRI: going through the motions. Front. Neurosci. 13:825. doi: 10.3389/
fnins.2019.00825

Ongflr, D., Lundy, M., Greenhouse, I, Shinn, A. K., Menon, V., Cohen, B. M, et al.
(2010). Default mode network abnormalities in bipolar disorder and schizophrenia.
Psychiatry Res. Neuroimaging 183, 59-68. doi: 10.1016/j.pscychresns.2010.04.008

Pruim, R. H. R, Mennes, M., Buitelaar, ]. K., and Beckmann, C. F. (2015). Evaluation
of ICA-AROMA and alternative strategies for motion artifact removal in resting state
fMRI. NeuroImage 112, 278-287. doi: 10.1016/j.neuroimage.2015.02.063

Raimondo, L., Oliveira, L. A. E, Heij, J., Priovoulos, N., Kundu, P,, Leoni, R. E, et al.
(2021). Advances in resting state fMRI acquisitions for functional connectomics.
Neurolmage 243:118503. doi: 10.1016/j.neuroimage.2021.118503

Salimi-Khorshidi, G., Douaud, G., Beckmann, C. E, Glasser, M. F,, Griffanti, L., and
Smith, S. M. (2014). Automatic denoising of functional MRI data: combining
independent component analysis and hierarchical fusion of classifiers. Neurolmage 90,
449-468. doi: 10.1016/j.neuroimage.2013.11.046

Smith, S. M. (2002). Fast robust automated brain extraction. Hum. Brain Mapp. 17,
143-155. doi: 10.1002/hbm.10062

Smith, S. M., Fox, P. T,, Miller, K. L., Glahn, D. C,, Fox, P. M., Mackay, C. E,, et al.
(2009). Correspondence of the brain’s functional architecture during activation and rest.
Proc. Natl. Acad. Sci. 106, 13040-13045. doi: 10.1073/pnas.0905267106

Smith, S. M., Vidaurre, D., Beckmann, C. E, Glasser, M. E, Jenkinson, M., Miller, K. L.,
et al. (2013). Functional connectomics from resting-state fMRI. Trends Cogn. Sci. 17,
666-682. doi: 10.1016/j.tics.2013.09.016

Sorg, C., Riedl, V., Miihlau, M., Calhoun, V. D., Eichele, T., Lier, L., et al. (2007).
Selective changes of resting-state networks in individuals at risk for Alzheimer’s disease.
Proc. Natl. Acad. Sci. USA 104, 18760-18765. doi: 10.1073/pnas.0708803104

Syed, M. A,, Yang, Z., Hu, X. P, and Deshpande, G. (2017). Investigating brain
Connectomic alterations in autism using the reproducibility of independent components
derived from resting state functional MRI data. Front. Neurosci. 11:459. doi: 10.3389/
fnins.2017.00459

Thomas, C. G., Harshman, R. A., and Menon, R. S. (2002). Noise reduction in BOLD-
based fMRI using component analysis. Neurolmage 17, 1521-1537. doi: 10.1006/
nimg.2002.1200

Triantafyllou, C., Hoge, R. D., Krueger, G., Wiggins, C. J., Potthast, A., Wiggins, G. C,, et al.
(2005). Comparison of physiological noise at 1.5 T, 3 T and 7 T and optimization of fMRI
acquisition parameters. Neurolmage 26, 243-250. doi: 10.1016/j.neuroimage.2005.01.007

Triantafyllou, C., Hoge, R. D., and Wald, L. L. (2006). Effect of spatial smoothing on
physiological noise in high-resolution fMRI. Neurolmage 32, 551-557. doi: 10.1016/j.
neuroimage.2006.04.182

Tustison, N. J., Avants, B. B., Cook, P. A., Zheng, Y., Egan, A., Yushkevich, P. A, et al.
(2010). N4ITK: improved N3 bias correction. IEEE Trans Med Imaging. 29, 1310-1320.
doi: 10.1109/TM1.2010.2046908

Uddin, L. Q,, Clare Kelly, A. M., Biswal, B. B., Xavier Castellanos, ., and Milham, M. P.
(2009). Functional connectivity of default mode network components: correlation,
anticorrelation, and causality. Hum. Brain Mapp. 30, 625-637. doi: 10.1002/hbm.20531

Van Den Heuvel, M. P, and Hulshoft Pol, H. E. (2010). Exploring the brain network:
a review on resting-state fMRI functional connectivity. Eur. Neuropsychopharmacol. 20,
519-534. doi: 10.1016/j.euroneuro.2010.03.008

Van Der Zwaag, W., Francis, S., Head, K., Peters, A., Gowland, P., Morris, P, et al.
(2009). fMRI at 1.5, 3 and 7 T: characterising BOLD signal changes. Neurolmage 47,
1425-1434. doi: 10.1016/j.neuroimage.2009.05.015

Wei, P, Bao, R., and Fan, Y. (2022). Comparing the reliability of different ICA
algorithms for fMRI analysis. PLoS One 17:¢0270556. doi: 10.1371/journal.pone.0270556

White, T., O’'Leary, D., Magnotta, V., Arndt, S., Flaum, M., and Andreasen, N. C.
(2001). Anatomic and functional variability: the effects of filter size in group fMRI data
analysis. NeuroImage 13, 577-588. doi: 10.1006/nimg.2000.0716

Xiong, H., Guo, R. ], and Shi, H. W. (2020). Altered default mode network and
salience network functional connectivity in patients with generalized anxiety disorders:
an ICA-based resting-state fMRI study. Evid Based Complement Alternat Med
2020:4048916. doi: 10.1155/2020/4048916

frontiersin.org


https://doi.org/10.3389/fnins.2025.1731143
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://doi.org/10.1002/hbm.20929
https://doi.org/10.1016/j.nic.2017.06.001
https://doi.org/10.1016/j.neuroimage.2012.02.020
https://doi.org/10.1098/rstb.2005.1634
https://doi.org/10.1109/TMI.2003.822821
https://doi.org/10.1073/pnas.0911855107
https://doi.org/10.1002/mrm.1910340409
https://doi.org/10.3389/neuro.09.017.2009
https://doi.org/10.1016/j.nic.2017.06.012
https://doi.org/10.1016/j.neuroimage.2008.10.057
https://www.frontiersin.org/research-topics/7006/origins-of-the-resting-state-fmri-signal
https://www.frontiersin.org/research-topics/7006/origins-of-the-resting-state-fmri-signal
https://doi.org/10.3389/fnsys.2010.00008
https://doi.org/10.1006/cbmr.1996.0014
https://doi.org/10.1006/cbmr.1996.0014
https://doi.org/10.1002/(SICI)1099-1492(199706/08)10:4/5<171::AID-NBM453>3.0.CO;2-L
https://doi.org/10.1002/(SICI)1099-1492(199706/08)10:4/5<171::AID-NBM453>3.0.CO;2-L
https://doi.org/10.1073/pnas.0601417103
https://doi.org/10.1016/j.neuroimage.2015.07.054
https://doi.org/10.1016/j.plrev.2025.02.001
https://doi.org/10.1016/j.plrev.2025.02.001
https://doi.org/10.1007/s11434-016-1202-z
https://doi.org/10.1007/s11434-016-1202-z
https://doi.org/10.3389/fnins.2019.00279
https://doi.org/10.1002/hbm.22827
https://doi.org/10.1016/S1053-8119(03)00097-1
https://doi.org/10.1002/hbm.20813
https://doi.org/10.3389/fnins.2023.1215400
https://doi.org/10.1523/JNEUROSCI.4004-09.2009
https://doi.org/10.1523/JNEUROSCI.4004-09.2009
https://doi.org/10.1162/jocn_a_00077
https://doi.org/10.1002/hbm.20359
https://doi.org/10.3389/fnsys.2010.00032
https://doi.org/10.3389/fnins.2019.00825
https://doi.org/10.3389/fnins.2019.00825
https://doi.org/10.1016/j.pscychresns.2010.04.008
https://doi.org/10.1016/j.neuroimage.2015.02.063
https://doi.org/10.1016/j.neuroimage.2021.118503
https://doi.org/10.1016/j.neuroimage.2013.11.046
https://doi.org/10.1002/hbm.10062
https://doi.org/10.1073/pnas.0905267106
https://doi.org/10.1016/j.tics.2013.09.016
https://doi.org/10.1073/pnas.0708803104
https://doi.org/10.3389/fnins.2017.00459
https://doi.org/10.3389/fnins.2017.00459
https://doi.org/10.1006/nimg.2002.1200
https://doi.org/10.1006/nimg.2002.1200
https://doi.org/10.1016/j.neuroimage.2005.01.007
https://doi.org/10.1016/j.neuroimage.2006.04.182
https://doi.org/10.1016/j.neuroimage.2006.04.182
https://doi.org/10.1109/TMI.2010.2046908
https://doi.org/10.1002/hbm.20531
https://doi.org/10.1016/j.euroneuro.2010.03.008
https://doi.org/10.1016/j.neuroimage.2009.05.015
https://doi.org/10.1371/journal.pone.0270556
https://doi.org/10.1006/nimg.2000.0716
https://doi.org/10.1155/2020/4048916

Ambrosi et al.

Xu, T, Kiar, G., Zuo, X. N, Vogelstein, J. T., and Milham, M. P. (2025). Challenges in
measuring individual differences of brain function. Imaging Neurosci. 3:imag_a_00430.
doi: 10.1162/imag_a_00430

Yang, J., Gohel, S., and Vachha, B. (2020). Current methods and new directions in
resting state fMRI. Clin. Imaging 65, 47-53. doi: 10.1016/j.clinimag.2020.04.004

Frontiers in Neuroscience

12

10.3389/fnins.2025.1731143

Zuo, X. N, Kelly, C., Adelstein, J. S., Klein, D. E, Castellanos, E X., and Milham, M. P.
(2010). Reliable intrinsic connectivity networks: test-retest evaluation using ICA and dual
regression approach. Neurolmage 49, 2163-2177. doi: 10.1016/j.neuroimage.2009.10.080

Zuo, X. N,, Xu, T., and Milham, M. P. (2019). Harnessing reliability for neuroscience
research. Nat. Hum. Behav. 3, 768-771. doi: 10.1038/s41562-019-0655-x

frontiersin.org


https://doi.org/10.3389/fnins.2025.1731143
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://doi.org/10.1162/imag_a_00430
https://doi.org/10.1016/j.clinimag.2020.04.004
https://doi.org/10.1016/j.neuroimage.2009.10.080
https://doi.org/10.1038/s41562-019-0655-x

	Robustness, spatial detail, and pitfalls of fixed ICA dimensionality in resting-state fMRI networks at 1.5, 3, and 7 T
	Introduction
	Methods
	MRI protocol
	Preprocessing
	Data analysis

	Results
	Experiment 1
	Experiment 2
	Experiment 3
	Experiment 4

	Discussion
	Conclusion

	References

