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ABSTRACT
Despite the increasing use of resting-state functional magnetic resonance imaging (rs-fMRI) data for studying the spontaneous 
functional interactions within the brain, the achievement of robust results is often hampered by insufficient data quality and 
by poor knowledge of the most effective denoising methods. The present study aims to define an appropriate denoising strategy 
for rs-fMRI data by proposing a robust framework for the quantitative and comprehensive comparison of the performance of 
multiple pipelines made available by the newly proposed HALFpipe software. This will ultimately contribute to standardizing 
rs-fMRI preprocessing and denoising steps. Fifty-three participants took part in the study by undergoing a rs-fMRI session. 
Synthetic rs-fMRI data from one subject were also generated. Nine different denoising pipelines were applied in parallel to the 
minimally preprocessed fMRI data. The comparison was conducted by computing previously proposed and novel metrics that 
quantify the degree of artifact removal, signal enhancement, and resting-state network identifiability. A summary performance 
index, accounting for both noise removal and information preservation, was proposed. The results confirm the performance 
heterogeneity of different denoising pipelines across the different quality metrics. In both real and synthetic data, the summary 
performance index favored the denoising strategy including the regression of mean signals from white matter and cerebrospinal 
fluid brain areas and global signal. This pipeline resulted in the best compromise between artifact removal and preservation of 
the information on resting-state networks. Our study provided useful methodological tools and key information on the effective-
ness of multiple denoising strategies for rs-fMRI data. Besides providing a robust comparison approach that could be adapted to 
other fMRI studies, a suitable denoising pipeline for rs-fMRI data was identified, which could be used to improve the reproduc-
ibility of rs-fMRI findings.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided the original work is 
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1   |   Introduction

Functional magnetic resonance imaging (fMRI) is a widespread 
and powerful technique for investigating fundamental proper-
ties of brain functional organization and development over the 
lifespan (Glover 2011).

In recent years, neuroimaging applications have led to an ex-
plosion in knowledge about complex human brain functions, 
which, consequently, has been accompanied by rapid advances 
in fMRI hardware and software technologies. However, an im-
portant problem that affects fMRI data is the presence of arti-
facts, which can hide, or falsely augment, the hemodynamic 
and metabolic information embedded in the Blood Oxygenation 
Level Dependent (BOLD) signal, indirectly related to the neural 
activity in the brain (Griffanti et al. 2017).

The extraction of meaningful information from fMRI data relies 
on good data quality, which can be achieved through proper ac-
quisition strategies and by applying adequate preprocessing and 
denoising procedures to the raw data, and which is essential to 
guarantee reliable analyses and results.

Hardware- and subject-related artifact identification and re-
moval is a significant problem in task-based fMRI, but it is 
even more complex with resting-state fMRI (rs-fMRI), where 
the global state of the brain is of interest; in the absence of 
an a priori hypothesis, it may be difficult to distinguish the 
signal related to brain activity from the sources of noise (Tassi 
et  al.  2020). For example, the identification of resting-state 
networks (RSNs) and the quantification of resting-state func-
tional connectivity (FC) can be hindered by the presence of 
artifacts, since many of them share some spatial or spectral 
features with RSNs (Soares et al. 2016). Thus, in the definition 
of the fMRI protocols, one of the main goals is to obtain the 
highest possible signal-to-noise ratio while minimizing the 
impact of artifacts.

In the last years, a variety of fMRI processing pipelines have 
been identified and implemented, and the resulting prolif-
eration of software tools designed to fulfill various analytic 
functions has produced many different options for carrying 
out any type of fMRI processing, prompting advancement but 
also sowing confusion. Indeed, a consensus on a standard 
fMRI processing pipeline has not been reached, as some steps 
could be optional and with choices to be made about parame-
ters and/or methods. This analytic flexibility, combined with 
the large number of analysis operations, as well as the number 
of possible parameters for running each analysis step, has led 
to a vast multiplicity of methodological variants, possibly lead-
ing also to considerable heterogeneity in the results (Poldrack 
et al. 2017). This situation has contributed to the so-called re-
producibility crisis that affects the entire neuroimaging field, 
including the fMRI one, which has led to an increased de-
mand for standardized workflows to conduct both the prepro-
cessing and processing stages of fMRI analyses (Gorgolewski 
et al. 2016; Poldrack et al. 2017). The urgent need to develop 
new practices and tools to overcome the challenge of vari-
ability across analysis pipelines and its effect on the results is 
emphasized also by the findings of a recent study (Botvinik-
Nezer et al. 2020), where the authors assessed the effect of this 

flexibility on the results obtained by many independent teams 
that analyzed the same fMRI dataset.

Recently, the ENIGMA (Enhancing Neuro Imaging Genetics 
through Meta Analysis) Consortium (Thompson et al. 2014) has 
started to address this problem by developing standardized pipe-
lines for neuroimaging data processing, including but not lim-
ited to preprocessing steps, multi-center harmonization, feature 
extraction, and quality control. Among the functional image 
processing protocols, it proposed HALFpipe (Harmonized 
AnaLysis of Functional MRI pipeline) toolbox, which provides a 
standardized workflow that encompasses the essential elements 
of task-based and rs-fMRI analyses from raw data to group-
level statistics (Waller et  al.  2022). HALFpipe is built on the 
progresses and contributions of the fMRIPrep software devel-
opers (Esteban et al. 2019) and extends its functionality beyond 
preprocessing steps to include additional processing steps and 
interactive tools for data quality assessment.

Additionally, HALFpipe software is containerized, meaning 
that it includes all the software needed for it to run, such as fM-
RIPrep (Esteban et al. 2019), MRIQC (Esteban et al. 2017), FSL 
(Jenkinson et al. 2012), ANTs (Avants, Tustison, and Song 2008), 
FreeSurfer (Fischl  2012), and AFNI (Cox  1996). As such, all 
users of one version of HALFpipe will be using the exact same 
versions of these tools (Waller et al. 2022), aiding reproducibil-
ity across different researchers' and computing environments 
(Poldrack, Gorgolewski, and Varoquaux 2019).

However, although HALFpipe provides recommended settings 
for each of the preprocessing steps (Waller et al. 2022), it allows 
users to run any combination of the processing steps, thereby 
complicating the definition of the pipeline to be used and po-
tentially reducing the methodological transparency (Prager 
et al. 2019). Many different denoising techniques are available 
to the users, and no standard denoising pipeline is provided and 
motivated, resulting in a toolbox that is strongly user dependent.

Although all participant-level confound regression methods 
aim at mitigating the impact of artifacts on subsequent analysis 
steps, each of them is more sensitive to noise or signal compo-
nents identification.

Recently, prior studies have attempted to compare the perfor-
mance of some existing confound removal strategies on selected 
benchmark measures, several quality control metrics reflect-
ing different properties of interest (Burgess et  al.  2016; Ciric 
et al. 2017; de Blasi et al. 2020; Hoeppli et al. 2023; Kassinopoulos 
and Mitsis  2022; Parkes et  al.  2018; Scheel et  al.  2022; Wang 
et al. 2024). A common finding in these studies is that the scores 
obtained from the quality control metrics often yielded contra-
dictory results, for example, pipelines yielding the highest score 
in terms of RSNs identifiability were found to be less successful 
in reducing motion artifacts (Ciric et al. 2017).

In this context, the present study aims to define an appropri-
ate denoising procedure for rs-fMRI data by quantitatively 
comparing the performance of multiple denoising pipelines 
based on options (taken separately or in combination) made 
available by HALFpipe, contributing to standardizing rs-
fMRI preprocessing and denoising steps. Our research also 
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provides a multi-metric comparison framework that could be 
adapted to other fMRI applications. The comparison among 
denoising strategies is achieved by computing the scores of 
both previously proposed and novel metrics that quantify the 
degree of artifacts removal, signal of interest enhancement, 
and RSNs identifiability.

Furthermore, considering the different sensitivity of the dif-
ferent metrics, a summary composite index, which synthesizes 
multiple metrics into a unified measure, is proposed to capture 
a valid fMRI denoising pipeline, showing a good trade-off be-
tween artifact removal and signal of interest preservation, 
which in our application includes RSNs enhancement, and to 
streamline the interpretation and comparison of the results.

2   |   Methods

2.1   |   Participants

Fifty-three participants (aged 52.74 ± 21.12 years, 28 females 
and 25 males) took part in the study. Exclusion criteria for all 
participants included intelligence quotient < 70, lifetime abuse 
of alcohol or substances, history of head trauma with loss of 
consciousness, and neurological or neurodegenerative illnesses. 
All of them provided written informed consent to the study 
protocol, which received the approval of the Ethics Committee 
of the Fondazione IRCCS Ca′ Granda Ospedale Maggiore 
Policlinico, Milan, Italy and was conducted in accordance with 
the Declaration of Helsinki.

2.2   |   MRI Data Acquisition

All participants underwent a multimodal magnetic reso-
nance imaging (MRI) session using a 3T Philips Achieva 
DStream scanner (Philips, Best, The Netherlands) equipped 
with a 32-channel head coil. Two hundred fMRI volumes 
were collected during resting wakefulness with eyes closed 
using a multi-transmit T2*-weighted echo planar imaging 
(EPI) sequence (field of view (FOV): 120 mm (FH) × 256 mm 
(AP) × 256 mm (RL), voxel size: 2 × 2 × 2 mm3, echo time 
(TE): 30 ms, repetition time (TR): 2500 ms, flip angle: 90°). 
Two additional dummy scans were collected. A structural 
brain image was acquired using a 3D T1-weighted turbo field 
echo (TFE) SENSE sequence (FOV: 250 mm (FH) × 240 mm 
(AP) × 180 mm (RL), voxel size: 1 × 1 × 1 mm3, TE: 4 ms, TR: 
8 ms, flip angle: 8°) and used as a morphological reference for 
the fMRI analyses.

The participants were instructed to relax and not to fall asleep, 
and all of them confirmed to have stayed awake during the ses-
sion. The resting-state acquisition was performed after a task-
based fMRI acquisition during a visuomotor Go/NoGo task 
(Piani et al. 2022).

2.3   |   MRI Data Processing

A scheme of the entire MRI data processing stream can be found 
in Figure  1. The overall workflow is composed of three main 

blocks, (i) MRI data preprocessing pipeline, (ii) fMRI data de-
noising pipelines, and (iii) performance evaluation. Raw MRI 
and fMRI data were preprocessed as presented in the first block, 
using a set of steps that were shared among all denoising pipe-
lines. Different denoising pipelines were applied in parallel to 
the preprocessed fMRI data, as shown in the second block. 
Then, the performances of the different denoising models were 
compared using quantitative quality control indexes presented 
in the third block. This workflow was applied to the real rs-
fMRI dataset and to a simulated pilot dataset (Ellis et al. 2020). 
The simulation study is summarized in Section 2.8, and detailly 
described in the Supporting Information.

2.3.1   |   MRI Data Preprocessing

The preprocessing of structural and functional MRI data was 
performed using HALFpipe (Waller et al. 2022). In HALFpipe, 
the preprocessing is implemented using fMRIPrep, which per-
forms a consensus of preprocessing steps required for any fMRI 
study (Esteban et al. 2019). The consensus steps applied in our 
study included skull stripping, brain tissue segmentation, and 
spatial normalization of structural images, and motion correc-
tion, susceptibility distortion correction, coregistration, and spa-
tial normalization of functional images.

Specifically, spatial normalization of the anatomical image to the 
MNI template is done through nonlinear registration with ants-
Registration (ANTs). The coregistration of the functional image 
to the corresponding anatomical reference is performed by using 
boundary-based linear coregistration, as implemented in Flirt 
(FSL). For the generation of preprocessed functional images 
in template space, the following transforms are concatenated: 
head-motion parameters, the warping to reverse susceptibility 
distortions (if calculated), BOLD-to-T1w, and T1w-to-template 
mappings. The composition of transforms allows for a single-
interpolation resampling of volumes with antsApplyTransforms 
(ANTs).

Additional widely used preprocessing steps were applied, in-
cluding spatial smoothing (FWHM = 6 mm), grand mean scal-
ing, which sets the image mean—defined as the within-scan 
mean across all voxels and time points—to a predefined value 
(grand mean = 10,000), and Gaussian-weighted temporal filter-
ing (FWHM = 125 s).

In HALFpipe, any filter or transformation applied to the voxel 
time series is also applied to the nuisance time series. In this way, 
previously removed variance is not re-introduced (Hallquist, 
Hwang, and Luna 2013; Lindquist et al. 2019).

The preprocessed fMRI data are resampled to the standard space 
MNI, which in fMRIPrep and in HALFpipe corresponds to the 
MNI152NLin2009cAsym template (version 2009c; Horn  2016; 
Waller et al. 2022).

2.3.2   |   Data Denoising

Nine different denoising pipelines were parallelly applied to 
the preprocessed fMRI data to remove residual physiological 
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or exogenous artifacts. All pipelines were implemented in 
HALFpipe using all the denoising methods made available by 
the software, considered separately, or combined.

HALFpipe performs fMRI denoising by removing confounds via 
linear regression, using confounders generated by fMRIPrep, in-
cluding (i) motion parameters (MPs), (ii) the global signal (GS), 
which is the mean signal over the whole brain, (iii) the mean 
white matter (WM) signal, (iv) the mean cerebrospinal fluid 
(CSF) signal, (v) their principal components, or (vi) noise-related 

components calculated from independent component analysis 
(ICA; Power et al. 2017; Waller et al. 2022).

The following pipelines were implemented.

•	 ICA-AROMA: The pipeline relies on the ICA-based strategy 
for Automatic Removal of Motion Artifacts (ICA-AROMA; 
Ciric et al. 2017; de Blasi et al. 2020; Hoeppli et al. 2023; Scheel 
et  al.  2022; Wang et  al.  2024). It is an ICA-based technique 
that consists of an autonomic classification of noise- and 

FIGURE 1    |    Workflow of the MRI data processing pipeline.
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signal-related components and the consequential removal 
of the former. ICA is achieved using MELODIC, part of FSL 
(Jenkinson et al. 2012). Next, this method uses a predefined 
classifier that identifies noise-related components by assessing 
four features. Specifically, a component is classified as motion-
related when it fulfils at least one of three criteria: (i) exceeding 
a decision boundary combining the edge fraction and maxi-
mum realignment parameter correlation, (ii) a CSF fraction 
> 10%, or (iii) a high-frequency content > 35% (Pruim, Mennes, 
Buitelaar, et al. 2015; Pruim, Mennes, van Rooij, et al. 2015). 
The estimated ICA-AROMA noise components are removed 
from fMRI data using the nonaggressive option to minimize 
removing variance that is shared between signal and noise 
component (Waller et al. 2022). No manual interventions on 
the label's classification were implemented to avoid any per-
formance dependency on the user's experience.

•	 aCompCor: The anatomical Component based on noise 
Correction method (aCompCor) (Behzadi et  al.  2007) per-
forms denoising for the correction of physiological noise 
by removing the first five principal components extracted 
from WM and CSF, which are brain structures in which 
the fMRI time series are not modulated by neural activity 
(Ciric et  al.  2017; Hoeppli et  al.  2023; Kassinopoulos and 
Mitsis 2022; Muschelli et al. 2014; Wang et al. 2024).

•	 ICA-AROMA + aCompCor: The denoising pipeline com-
bines sequentially ICA-AROMA and aCompCor.

•	 24 MPs: The pipeline includes the removal via linear regres-
sion of the three translational and the three rotational MPs 
and the relative quadratic terms, their six temporal deriva-
tives and their quadratic terms, resulting in a total of 24 MPs 
regressors (Ciric et al. 2017; Kassinopoulos and Mitsis 2022; 
Parkes et al. 2018; Satterthwaite et al. 2013).

•	 24 MPs + WM + CSF + GS: The denoising pipeline includes 
the removal via linear regression of the 24 MPs, the WM 
and CSF signals and GS (Ciric et al. 2017; Kassinopoulos and 
Mitsis 2022; Scheel et al. 2022; Wang et al. 2024).

•	 WM + CSF + GS: The pipeline consists of the removal via 
linear regression of WM, CSF, and GS time series.

•	 ICA-AROMA + GS: The pipeline combines ICA-AROMA 
with GS regression (Ciric et al. 2017; Wang et al. 2023).

•	 aCompCor + GS: The pipeline combines aCompCor with GS 
regression.

•	 aCompCor + 12 MPs: The pipeline relies on aCompCor de-
noising with in addition the removal via linear regression of 
12 MPs, which are the six original motion parameters and 
their six temporal derivatives (Muschelli et al. 2014; Parkes 
et al. 2018).

2.4   |   Atlas-Based BOLD Signal Extraction

The preprocessed fMRI images resulting from the different 
denoising pipelines were parceled according to the Automated 
Anatomical Labeling (AAL) atlas (Tzourio-Mazoyer et al. 2002). 
The AAL atlas was selected for these analyses due to its wide-
spread use and validation in the neuroimaging field. It offers 
a well-established and standardized set of brain regions that 

facilitates comparison with the existing literature. While newer 
atlases with more refined parcellations are available, the AAL 
atlas provides a balanced number of regions of interest (ROIs), 
with well-defined anatomical relevance, making it suitable for 
large-scale network analyses without the added complexity of 
finer subdivisions.

BOLD signal extraction was performed by computing the mean 
signal of the voxels belonging to the same ROI. The ROIs belonging 
to cerebellum and vermis were excluded from the analysis because 
they were not covered in the fMRI volumes of some participants. 
Hence, we considered the first 90 ROIs of the AAL atlas.

ROI-level BOLD signals were used to compute the ROI-to-ROI 
FC based on the time-domain Pearson correlation (t-FC) and on 
the time-frequency-domain wavelet coherence. The latter spec-
trum was divided into two portions according to low frequency 
(0.01–0.1 Hz, LF-FC) and high frequency (> 0.1 Hz, HF-FC) 
ranges that mainly reflect brain-related and noise-related pro-
cesses, respectively.

The extracted BOLD time series and the ROI-to-ROI FC measures 
were used for computing some of the following quality metrics.

2.5   |   Performance Metrics

The nine denoising methods were compared among themselves 
and with the standard preprocessing using a combination of pre-
viously proposed and novel fMRI data quality metrics. The use 
of multiple metrics allowed us to evaluate the pipeline perfor-
mances in terms of noise reduction (noise-sensitive metrics) and 
signal of interest preservation or enhancement (signal-sensitive 
metrics), including RSNs identifiability (network-sensitive 
metrics).

All data quality metrics were computed for each subject and for 
each pipeline, resulting in 530 performance values for each met-
ric. In the following, we describe the metrics used in the pres-
ent work.

2.5.1   |   Noise-Sensitive Metrics

•	 FD-DVARS: This noise-sensitive metric is calculated as the 
Pearson's correlation coefficient between two framewise 
data quality indices: the framewise displacement (FD) and 
the derivative of root-mean-square variance over voxels 
(DVARS) (Kassinopoulos and Mitsis 2022).

FD is a time series that reflects the extent of motion during 
the acquisition and is defined as the sum of absolute values 
of the first derivative of the six MPs, after converting the 
rotational parameters to translational displacements on a 
sphere of 50 mm radius.

DVARS is defined as the spatial root-mean-square of the 
voxel time series after they are temporally differentiated. It 
measures how much the intensity of an fMRI volume var-
ies at each timepoint compared to the previous point (Power 
et  al.  2012). FD depends only on realignment parameters 
and is unique for each subject's fMRI data, whereas DVARS 
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is based on BOLD signal intensities and is computed for each 
denoising method separately; from their correlation, it is 
thus possible to quantify the presence of residual motion in 
the denoised fMRI data, and hence to evaluate the capability 
of that pipeline in reducing motion-related artifacts.

Moreover, the correlation between the mean FD value of 
each subject and FD-DVARS was computed to assess the 
presence of motion-related biases. Indeed, the final goal 
is to obtain FD-DVARS values that are not influenced 
by the degree of motion to have low-motion and high-
motion scans with similar behaviors (Kassinopoulos and 
Mitsis 2022).

•	 HF-FC content: This noise-sensitive metric evaluates the 
HF-FC content, which is mainly associated with non-neural 
sources. For each pair of ROIs, the difference in HF-FC 
spectra between pre- (minimal preprocessing) and post-
denoising was computed. Then, the mean value over time 
and frequency of the difference matrix was computed for 
each pair of ROIs, obtaining a symmetric matrix. The mean 
value of the matrix upper triangle was derived and used as 
the metric value. The higher the metric value (i.e., higher 
differences between pre- and post-denoising), the higher 
should be the ability of the pipeline to destroy ROI-to-ROI 
connections that are mainly related to noise.

2.5.2   |   Network-Sensitive Metrics

•	 Modularity: The network-sensitive modularity (Q) quality 
metric was computed on the t-FC matrix and provides a 
quantification of the degree to which there are structured 
sub-networks in the entire brain network. Q was com-
puted by performing community detection according to the 
Louvain heuristic, which partitions the connectome into 
sub-networks in a way that aims at maximizing the value of 
Q itself (Blondel et al. 2008; Rubinov and Sporns 2010). This 
metric can provide an estimate of the degree of enhance-
ment of the intrinsic brain network's modular structures 
after denoising (Bassett et  al.  2011; Betzel, Medaglia, and 
Bassett 2018; Betzel and Bassett 2017; Puxeddu et al. 2020; 
Sporns and Betzel 2016).

In addition, also the correlation between Q and the mean FD 
of each subject was computed across the different denoising 
pipelines to evaluate the presence of possible biases in net-
works identifiability between low-motion and high-motion 
fMRI acquisitions (Ciric et al. 2017).

•	 Time-based FCC: The time-based functional connectivity 
contrast (FCC) is a network-based metric that was com-
puted on the t-FC. All t-FC pairwise correlation values 
were reorganized in RSNs within the matrix, as shown in 
Figure 2. The assumption over this metric is that on aver-
age a pair of parcels belonging to the same network should 
exhibit a higher correlation value (within-network edge, 
WNE) compared to a pair of parcels from different net-
works (between-networks edge, BNE). We assumed that if 
a pipeline improves the signal-to-noise ratio in the data, it 
should also lead to an increase in the difference between 
t-FC values corresponding to WNEs and BNEs. FCC was 

computed as the Z-statistic of the Wilcoxon rank-sum test 
related to the null hypothesis that WNEs and BNEs in the 
t-FC are samples from continuous distributions with equal 
medians (Kassinopoulos and Mitsis  2022). Furthermore, 
the identifiability of each of the networks separately was 
computed by considering only the WNEs belonging to the 
network of interest (rather than WNEs from all networks) 
when comparing WNEs and BNEs (Kassinopoulos and 
Mitsis 2022).

•	 Frequency-based FCC: This network-sensitive metric as-
sesses the capability of identifying the RSNs by focusing on 
the LF content in the BOLD signals. For each pair of ROIs, 
the difference of the LF-FC spectra between pre (minimal 
preprocessing) and post-denoising was computed. Then, the 
mean value over time and frequency of the difference matrix 
was computed for each pair of ROIs, obtaining a symmetric 
pre versus post LF-FC matrix. Using the same pipeline de-
scribed for the time-based FCC, the frequency-based FCC 
was computed from the pre versus post LF-FC matrix. We 
assumed that lower pre versus post differences in the WNEs 
would correspond to greater increases in the frequency-
based FCC, suggesting greater ability of the pipeline to pre-
serve RSNs connections.

2.5.3   |   Signal-Sensitive Metrics

•	 Low-frequency BOLD content: This metric is sensitive to the 
quality of BOLD signals. Under the assumption that most 
of the BOLD LF content is related to neural processes, this 
metric aims at quantifying how much of the frequency con-
tent of the signal of interest has been maintained during the 
denoising phase. The power spectral density was computed 
through the periodogram for each ROI-level BOLD signal 
and for each pipeline. Then, after estimating the LF power 
(0.01–0.1 Hz), the fraction of LF power remaining after de-
noising with respect to the LF power before denoising was 
calculated. The higher the ratio, the higher the preserva-
tion of the BOLD signal in the frequency range of the brain 
activity.

•	 Temporal degree of freedom (tDOF) loss: This signal-sensitive 
metric quantifies the risk of information loss caused by the 
denoising phase. The total number of fMRI volumes was 
considered as the total number of available tDOF and each 
regressor removed from the data was considered as a lost 
tDOF. The total loss of tDOF was expressed as a percent-
age of the initial number of available tDOF. Consequently, 
the lower number of confounds regressed out, the lower the 
number of tDOF removed, and hence the lower the risk of 
losing signal of interest (Ciric et al. 2017; de Blasi et al. 2020; 
Parkes et al. 2018).

An explorative analysis of the relationships among the different 
quality measures was performed to examine their correlations 
within and between the three categories and how they relate 
and complement each other, providing a quantitative rationale 
for the definition of a summary performance index. A detailed 
description of the present cross-correlation analysis is described 
in the Supporting Information.
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FIGURE 2    |     Legend on next page.
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2.6   |   Summary Performance Index

The quality metrics described above were combined to achieve 
a unique composite index that can represent the trade-off of 
each denoising pipeline between noise removal and signal of 
interest preservation. FD-DVARS and tDOF loss measures, 
which were in the 0–1 range, were inverted by computing 1 
− abs(x), where x is the score of each metric, so that, similarly 
to the other metrics, a high positive score is assigned to good 
quality data. Subsequently, each metric was normalized by 
subtracting the metric mean and then dividing by its standard 
deviation.

The normalized metrics were then used to compute a summary 
quality index, as follows. The mean values of the noise-sensitive 
metrics, network-sensitive metrics, and signal-sensitive metrics 
were separately computed. Then, the summary performance 
index was computed as the mean value of the above three mean 
values. The formulas used to compute the summary perfor-
mance index are reported in the Supporting Information.

Two other versions of the summary index were implemented 
(i) using the geometric mean to aggregate the single quality 
measures, and (ii) balancing noise and signal by aggregating 
network- and signal-sensitive measures. These additional ver-
sions of the summary index are described in the Supporting 
Information.

2.7   |   Statistical Analysis

The effectiveness of the different denoising pipelines (includ-
ing the standard preprocessing) was compared in terms of both 
single indices and summary performance index by applying the 
nonparametric Kruskal–Wallis (KW) test. The KW multiple 
comparison test was followed by pairwise comparisons. The 
significance threshold was set to p-value = 0.005 to account for 
the parallel comparisons of eight different performance metrics 
(Bonferroni correction of p = 0.05 considering 8 comparisons), 
and to maintain a stringent criterion for statistical significance.

2.8   |   Simulation Study

A simulation pilot study was conducted to test the efficacy of the 
different denoising methods on synthetic rs-fMRI data. In our 
study, fMRI data simulation was performed by using fmrisim, 
which is a package for standardized, realistic simulation of fMRI 
data (Ellis et al. 2020). For fMRI noise generation, fmrisim tool-
box employs a linear model that estimates and combines known 
sources of fMRI noise, including drift, physiological, and system 
noise. Instead, rs-fMRI signal was simulated independently, by 
generating time series that mimic neuronal activity within the 
default mode network (DMN). Subsequently, we combined noise 

and signal components to achieve the entire 4D rs-fMRI simula-
tion. The entire pipeline defined for real rs-fMRI data was then 
applied to the synthetic dataset. More details on the simulation 
methodology are available in the Supporting Information.

3   |   Results

In this section, the main results achieved from the comparison 
among different denoising strategies for rs-fMRI are presented 
according to the types of performance metrics. Then, the results 
of the statistical comparison in terms of the summary perfor-
mance index will be shown. The median, and the first and third 
quartiles of all performance metrics relative to the different de-
noising pipelines and the corresponding KW statistics are listed 
in Table 1. The same median values are reported graphically in 
Figure  3. The post hoc pairwise comparison results are illus-
trated in Figures S4–S14.

The boxplots of the values of the various quality measures 
(raw, inverted, and normalized values) have been included in 
the Supporting Information to show the ranges and the distri-
butions of the values during the different steps. Results on the 
effects of denoising on inter-individual variability are described 
in Table S1.

Additional supporting data and figures were included in the 
Supporting Information, visually demonstrating the effect of the 
denoising pipelines on data from low-motion and high-motion 
participants.

3.1   |   Noise-Sensitive Metrics

The noise-sensitive metrics (i.e., FD-DVARS and HF-FC con-
tent) showed that denoising models removing a higher number 
of regressors were more effective in noise removal than models 
with a lower number of time series regressed out.

Based on the FD-DVARS metric, the pipelines that resulted 
more effectively in motion-related artifacts removal, and hence 
showed the lowest residual motion content, are those that in-
clude the regression of the motion parameters (24 MPs and 
24 MPs + WM + CSF + GS). The KW test among all different 
pipelines showed significant FD-DVARS differences (p < 0.05, 
Bonferroni corrected); the subsequent multiple pairwise com-
parisons showed that all the pipelines except for aCompCor were 
significantly more effective than the baseline preprocessing in 
removing artifacts related to head movements. The 24 MPs and 
24 MPs + WM + CSF + GS pipelines performed significantly bet-
ter than all the others.

Considering the correlation between FD and FD-DVARS, 
among the two top-performing methods, 24 MPs showed a 

FIGURE 2    |    Exemplar multi-network time-based FCC. In the figure, the t-FC matrices and the corresponding time-based FCC values for the 
minimal preprocessing (first row, center) and for the different denoising pipelines are reported for an exemplar subject. The ROI-to-ROI connections 
are reorganized in RSNs as reported for the first matrix relative to the minimal preprocessing pipeline. Basal Ganglia = basal ganglia network; 
CEN = central executive network; DMN = default mode network; Motor = Sensory motor network; Salience = salience network; Visual = visual 
network; Auditory = auditory network.
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low but significant correlation value (r = 0.304, p < 0.05) sug-
gesting different performances in low and high motion scans, 
instead FD and FD-DVARS were not significantly correlated 
in 24 MPs + WM + CSF + GS (r = 0.165, p = 0.237). Other de-
noising techniques (aCompCor, ICA-AROMA + aCompCor, 
WM + CSF + GS, and aCompCor + GS) showed a not signif-
icant correlation value. In these pipelines, high-motion scans 
have FD-DVARS values that are similar to the ones of low-
motion scans, meaning that the removal of movement artifacts 
is independent of the level of motion during the acquisition. 
The correlation values between FD and FD-DVARS and cor-
responding p-values are reported in Table S2 for all pipelines.

The comparison based on the HF-FC content, which is sensitive 
to the removal of both motion-related noise and artifacts coming 
from other sources, showed good performances of all the denois-
ing pipelines. The KW test among all pipelines showed signifi-
cant HF-FC content differences (p < 0.05, Bonferroni corrected); 
specifically, all the denoising pipelines were able to remove HF 
noise that remained after the baseline preprocessing, leading to 
HF-FC values that were significantly higher than in the base-
line preprocessing; models that contain ICA-AROMA technique 
(ICA-AROMA, ICA-AROMA + aCompCor, and ICA-AROMA 
+ GS) and 24 MPs + WM + CSF + GS were the most effective in 
HF noise removal.

3.2   |   Network-Sensitive Metrics

The metrics related to large-scale network identifiability showed 
consistent results among them. Specifically, the pipelines in-
volving global signal regression (GSR) resulted to be more able 
to highlight sub-networks in the overall connectome.

As regards Q, generally regarded as a key feature of biological 
network organization (Alcalá-Corona et  al.  2021; Satterthwaite 
et  al.  2012), the KW test showed significant differences among 
denoising pipelines (p < 0.05, Bonferroni corrected). The pipelines 
performing GSR (24 MPs + WM + CSF + GS, ICA-AROMA + GS, 

WM + CSF + GS, and aCompCor + GS) showed significantly 
higher values of Q with respect to the baseline preprocessing and 
the other denoising methods, meaning that they were more able 
to identify structured functional subnetworks within the entire 
brain. Instead, the pipelines that do not perform GSR were com-
parable to the baseline preprocessing.

The presence of possible biases due to different motion degrees 
was evaluated by computing the correlation between Q and the 
mean FD of each subject across the different pipelines. We found 
low levels of correlation between the two considered variables 
(all p values > 0.05), except for 24 MPs + WM + CSF + GS, which 
showed a significant correlation between FD and Q (r = −0.30, 
p = 0.029), suggesting high Q values when FD is low, with respect 
to the other techniques which were almost independent on the 
degree of motion (i.e., a correlation value between mean FD and Q 
that is close to zero). The baseline processing showed a correlation 
value close to zero (r = −0.0078, p = 0.956) meaning that Q values 
are not biased by the level of motion; however, Q values in the 
minimal preprocessing are significantly lower than the ones in 
the other pipelines. The correlation values between FD and Q and 
corresponding p values are reported in Table S3 for all pipelines.

As regards time-based FCC, which aims at quantifying how 
much the RSNs are highlighted with respect to the overall back-
ground activity, the KW test showed significant results (p < 0.05, 
Bonferroni corrected), and the following pairwise comparisons 
revealed significant differences between the minimal prepro-
cessing and the denoising pipelines that perform GSR, con-
firming the results of modularity metric. The other denoising 
techniques were nonsignificantly different from the minimal 
preprocessing in terms of FCC. The network-specific FCC val-
ues, reflecting the identifiability of each RSN separately, for all 
denoising pipelines are illustrated in Figure S28.

A development of time-based FCC is frequency-based FCC, 
which has been more specifically optimized to capture inter-
network correlations mainly related to neural activity. The 
frequency-based FCC revealed significant differences among 

FIGURE 3    |    The median values (z-scores) of all performance metrics for the different denoising pipelines are graphically reported. The values are 
in arbitrary units.
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the pipelines based on the KW test (p < 0.05, Bonferroni cor-
rected). Denoising techniques performing WM + CSF + GS and 
aCompCor + GS were the most able to highlight RSNs in the 
LF range with respect to the background connections, result-
ing significantly different from the minimal preprocessing, 
whereas all the other models resulted comparable to the mini-
mal preprocessing.

As for the above metrics, for frequency-based FCC, the best-
performing pipelines involve GSR. This result agrees with 
the two previous network-related metrics. In addition, the 
frequency-based FCC metric showed that WM + CSF + GS 
and aCompCor + GS pipelines were more conservative on 
the information of interest (preserving LF FC links) than 24 
MPs + WM + CSF and ICA-AROMA + GS, which, regarding 
to network sensitivity, were rewarded only by modularity and 
time-based FCC metrics.

3.3   |   Signal-Sensitive Metrics

The KW test applied to the LF BOLD content metric showed sig-
nificant differences among the pipelines (p < 0.05, Bonferroni 
corrected). The post hoc pairwise comparison showed that 
all the denoising pipelines removed a portion of LF content in 
the BOLD signals, since they were significantly different from 
the baseline preprocessing. ICA-AROMA + aCompCor, ICA-
AROMA + GS, and 24 MPs + WM + CSF + GS resulted in re-
moving the highest amount of LF BOLD oscillations. Instead, 
pipelines that included aCompCor (aCompCor, aCompCor + GS 
and aCompCor +12 MPs), WM + CSF + GS, ICA-AROMA and 
24 MPs were those that better preserved fluctuations in the fre-
quency range of interest.

The comparison based on the tDOF loss metric, which counts 
how many time series are regressed out during the denoising 
phase, showed similar results. The KW test showed significant 
differences among the different pipelines (p < 0.05, Bonferroni 
corrected), with the majority of denoising pipelines associated 
with significantly higher tDOF loss values compared to the 
baseline preprocessing. The only denoising pipeline that was 
not significantly different from the baseline preprocessing was 
WM + CSF + GS.

3.4   |   Summary Performance Index

The results of the previously defined metrics were equally com-
bined to identify which pipeline could be the more effective, 
simultaneously, in noise and artifacts removal, networks iden-
tifiability and signal of interest preservation.

The KW comparison based on the summary index reported 
significant differences among pipelines (p < 0.05, Bonferroni 
corrected). The boxplots relative to the summary performance 
index for all denoising pipelines are reported in Figure 4. The 
post hoc multiple comparisons showed that the denoising 
method with WM + CSF + GS regression outperformed the 
other denoising techniques. This pipeline performed better 
than the baseline preprocessing, ICA-AROMA, ICA-AROMA 
+ aCompCor, ICA-AROMA + GS, 24 MPs, aCompCor and 

aCompCor +12 MPs, which were associated with significantly 
lower values of the summary performance index, and it re-
sulted comparable to 24 MPs + WM + CSF + GS and to aCom-
pCor + GS.

3.5   |   Simulation Study Results

The explorative results obtained on the pilot synthetic rs-fMRI 
dataset are consistent with those from the real rs-fMRI data. 
The pipelines including ICA-AROMA provided the highest 
performance in artifacts removal. Pipelines including GSR 
showed higher values in network-sensitive measures. In terms 
of signal-sensitive metrics, WM + CSF + GS, aCompCor, and 
aCompCor + GS provided the best results. The summary per-
formance index indicated that WM + CSF + GS was among 
the best performing pipelines, followed by pipelines including 
aCompCor. Additional details on the simulation results are re-
ported in the Supporting Information.

4   |   Discussion

Despite the increasing use of rs-fMRI data for studying the 
spontaneous functional interactions within the brain, robust ap-
plications of this technique are often hampered by insufficient 
data quality and by poor knowledge of the most effective pre-
processing schemes. In the present study, recently proposed de-
noising strategies for rs-fMRI data were quantitatively evaluated 
according to benchmarks that were selected to capture different 
domains of effectiveness.

We focused on the comparison of preprocessing denoising 
techniques that are available in HALFpipe (Waller et al. 2022). 
Although this tool is being increasingly used, it offers many 
different denoising options, making its usage strongly user-
dependent and less reproducible than initially expected.

FIGURE 4    |    Results of the multiple comparison of the different 
denoising pipelines according to the summary performance index. 
The boxes represent the interquartile range, which spans from the 25th 
percentile to the 75th percentile of the data. The line inside the box 
indicates the median value.
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The included benchmarking measures are metrics that are sen-
sitive to (i) the residual noise within fMRI data, (ii) the preser-
vation of the signal of interest, and (iii) the capability to detect 
RSNs. A combination of these factors was included in a com-
posite performance index proposed to summarize the results. 
Based on the latter metric, our findings on both real rs-fMRI 
data and simulated data support the use of WM + CSF + GS re-
gression denoising strategy, which in our application led to the 
best compromise between the amount of removed artifacts and 
the preservation of the information on RSNs.

4.1   |   Comparison With Previous Studies

Until now, only few rs-fMRI studies evaluated the performance 
of different denoising pipelines, providing results that need 
replication and validation (Burgess et al. 2016; Ciric et al. 2017; 
de Blasi et  al.  2020; Hoeppli et  al.  2023; Kassinopoulos and 
Mitsis  2022; Parkes et  al.  2018; Scheel et  al.  2022; Wang 
et al. 2024). As a result, there is still no consensus on the opti-
mal strategy, expanding the reproducibility crisis of the neuro-
imaging field and reducing the opportunity of having robust and 
comparable results among different studies and laboratories.

Specifically, the previous studies, which are the main references 
for denoising benchmarks, focused on evaluating motion arti-
fact correction (Ciric et al. 2017; Parkes et al. 2018) and its influ-
ence on FC measures (Kassinopoulos and Mitsis 2022), leaving 
out the assessment of the removal of other types of artifacts and 
a specific quantification of signal of interest preservation.

Another work focused on the comparison of noise-regression 
techniques in a large cohort of older adults, considering that 
motion and physiological noise characteristics may differ sub-
stantially for this population (Scheel et al. 2022). A different ap-
proach was conducted in the study by Hoeppli et al. (2023), in 
which the comparison of five preprocessing protocols has been 
performed quantitatively assessing brain activations in regions 
of interest, associated with a series of stimuli proposed during 
task-based fMRI recordings. Notably, a recent study by Wang 
et al. (2024) presented a fully reproducible denoising benchmark 
featuring a range of denoising strategies and evaluation metrics, 
built primarily on fMRIPrep software.

The present work fits into this context, addressing the problem 
from different points of view that are particularly valuable in 
rs-fMRI studies. Notably, for the first time, our study provides 
useful knowledge for the selection of the most suitable denois-
ing pipeline among the different options offered by HALFpipe, 
which is expected to become the pre-elaboration and elaboration 
toolbox of reference for functional neuroimaging applications.

With respect to previous studies, a multi-perspective approach 
has been adopted by implementing novel performance measures 
(HF-FC content and LF BOLD content) and improving other ex-
isting ones (frequency-based FCC). Of note, FCC measure pro-
posed by Kassinopoulos and Mitsis (2022) has been evolved to 
be more sensitive to oscillations in the BOLD signal frequency 
range that is usually assumed as related to neuronal activity 
processes, ignoring spectral power components that could come 
primarily from other confounding sources.

Taken together, the presented results confirm the performance 
heterogeneity of commonly used denoising strategies across 
different quality control metrics that was already underlined 
in previous benchmarking works (Ciric et  al.  2017; de Blasi 
et al. 2020; Hoeppli et al. 2023; Kassinopoulos and Mitsis 2022; 
Parkes et al. 2018; Scheel et al. 2022; Wang et al. 2024). In select-
ing among denoising methods, our results remark on the impor-
tance of being aware of the relative strengths and weaknesses 
of each approach, and of understanding how the preprocessing 
strategy may impact on the findings in order to identify the most 
valuable technique according to the research question and the 
study design (Ciric et al. 2017; Hoeppli et al. 2023).

In this context, our study increased our understanding of shared 
and distinct characteristics of different denoising strategies, en-
abling the identification of methods that represent a good com-
promise between removal of confounders and preservation of 
rs-fMRI information. If reproduced on independent datasets, 
our findings contribute to the ambitious aim of creating a robust 
rs-fMRI preprocessing workflow that could be consistently ad-
opted across different research centers.

4.2   |   Main Results

According to the composite performance index proposed by our 
work, the best performing denoising method for rs-fMRI appli-
cations consists of the regression of the GS and the mean signals 
from WM and CSF areas.

In contrast with previous evidence, our results suggest that the 
most valuable denoising methods for rs-fMRI applications are 
not necessarily the ones that remove the greatest number of con-
founding regressors. In our study such approaches appeared to 
be also the most aggressive on the BOLD signal, hence compro-
mising the preservation of information of interest.

Indeed, as shown by the metric that quantifies the tDOF that 
are lost during denoising, ICA-AROMA is one of the costliest 
methods; and considering the HF-FC content performance 
metric, the pipelines including ICA-AROMA were found to be 
usually effective in artifact removal, through the elimination of 
most noise-related independent components. Nevertheless, in 
our application, although ICA-AROMA noise components were 
removed via regression with the nonaggressive option, these 
techniques were less conservative than the others on the infor-
mation of interest, as shown by network- and signal-sensitive 
measures. Specifically, as shown in Figure  2 for an exemplar 
subject, t-FC links within RSNs are decreased in the pipelines 
including ICA-AROMA, suggesting that it could have removed 
signals of interest.

ICA-AROMA denoising relies on the automatic classification of 
the extracted components in signal-related and noise-related, 
which sometimes leads to non-optimal results. This drawback 
might be partly overcome via a semi-automatic approach that 
employs the inspection of spatial maps, time series, and spectral 
powers of the independent components marked as artifactual, 
which sometimes include signal-related components. Based 
on these considerations, ICA-based methods are particularly 
promising for artifact removal, deleting most of artifactual 
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contributions, but further attention should be put in the correct 
detection and classification of signal-related and noise-related 
components.

In previous studies, ICA-AROMA has been presented as 
one of the best strategies that trade off the ability to remove 
impact of motion and number of tDOF lost and was recom-
mended to add GSR as part of the regressors (Ciric et al. 2017; 
Parkes et al. 2018). Also, aggressive ICA-AROMA is likely the 
most suitable noise regression technique for rs-fMRI stud-
ies of older adults (Scheel et al. 2022), and ICA-based noise-
reduction techniques have shown to increase signal detection 
in specific tasks, such as noxious heat stimulation (Hoeppli 
et al. 2023). However, our results are in line with the findings 
by Wang et  al.  (2023, 2024) that supported to avoid the use 
of ICA-AROMA (also in combination with GSR) as multiple 
metrics departed from the conclusions of previous denoising 
benchmark works.

Furthermore, noise correction strategies that use variable tDOF 
across participants, as ICA-based techniques, can lead to artifac-
tual group differences in FC (Yan et al. 2013) and biased group-
level analyses (Ciric et al. 2017). Moreover, methods employing 
ICA-AROMA or including the removal of 24 MPs do remove 
many tDOF compared with other methods. As the number of 
time points in BOLD signals represents the number of tDOF that 
are available for statistical inference, fewer residual tDOF can 
spuriously increase FC (Yan et al. 2013).

Our results showed that simple regression of head MPs, with 
expansion terms included, is effective in removing motion ar-
tifacts from fMRI intensity, as shown by FD-DVARS results, 
but it does not seem sufficient to enhance network identifiabil-
ity with respect to other methods. In this context, we found 
that adding mean tissue physiological regressors (i.e., WM and 
CSF signals) and GS improved denoising efficacy, as shown by 
network-sensitive metrics. These findings are consistent with 
past studies, showing that MPs regression is insufficient for 
removing the movement effects on brain FC (Ciric et al. 2017; 
Parkes et al. 2018; Yan et al. 2013). The regression of MPs and GS 
is suggested as the best choice for analysis that requires low loss 
of tDOF and, also, preserve continuous sampling time series, 
which is broken by scrubbing (Wang et al. 2024).

Denoising pipelines incorporating variants of aCompCor showed 
performances similar to those of other strategies. Considering 
motion artifact reduction, they were comparable to all the 
other methods except for methods including MPs regression. 
Regarding other kinds of artifacts, they showed a performance 
like other denoising pipelines except for the ones including ICA-
AROMA, which instead were more effective in these terms. On 
the contrary, they seem reliable in signal of interest preservation 
with respect to other more aggressive methods; and, notably, 
in our study the combination of aCompCor with GRS has been 
shown to enhance RSNs.

Benchmark results for aCompCor reported by Ciric et al. (2017) 
were similar to the results of other denoising models that in-
cluded GSR, suggesting that while aCompCor does not explic-
itly include GSR, the practical results of its application are in 
fact similar. Our work additionally showed that complementing 

aCompCor with GSR, as for the first time proposed by us, fur-
ther improved its performance for rs-fMRI applications since it 
increased brain network modularity and enabled a clearer RSNs 
identifiability.

However, Parkes et al. (2018) reported that aCompCor technique 
is not sufficiently robust since a dependence exists on different 
levels of motion. Specifically, the authors examined the relation-
ship between motion and FC to assess the efficacy of the vari-
ous denoising approaches in removing motion-related variance. 
Considering the different performance of aCompCor in the ac-
quisitions with low-level versus high-level motion, they stated 
that aCompCor may only be viable in low-motion data. This 
result has been consistently found in the recent work (Wang 
et al. 2023, 2024).

Nevertheless, aCompCor and the other methods removing WM 
and CSF contributions should be able to remove physiological 
noise in the absence of additional physiological data. In our 
study, we could not directly assess the residual physiological 
noise, but it should be noticed that aCompCor has been validated 
with RETROICOR denoising technique (Behzadi et  al.  2007), 
which instead uses recordings of the cardiac and respiratory 
cycles taken during the fMRI scan to model and remove phys-
iological noise (Glover, Li, and Ress 2000). Other strategies for 
physiological artifact mitigation are based on convolution mod-
els that make use of cardiac and respiratory activity recordings 
for estimating the effect of heart rate (Chang, Cunningham, and 
Glover 2009) and breathing patterns (Birn et al. 2008). Besides 
requiring physiological data, these models assume that a linear 
stationary system can describe these effects, which may not be 
entirely true (Kassinopoulos and Mitsis  2022). Therefore, by 
eliminating the need for extra physiological recordings, data-
driven approaches simplify the experimental setup and reduce 
the complexity of the modeling process and ensure robustness 
across different populations and conditions.

Despite the low number of confounds regressors, the 
WM + CSF + GS regression strategy outperformed commonly 
used models based on MPs or ICA-AROMA. This suggests that 
brain tissue signal regressors are informative and able to cap-
ture global changes within different brain tissues of no inter-
est, which could be related to head movements or physiological 
confounds, such as large vessel pulsation (Wagshul, Eide, and 
Madsen 2011).

This result is in line with the results obtained in the work by 
Ciric et al. (2017), in which a very simple two-parameter model 
(WM, CSF) outperformed commonly used models based on re-
alignment parameters alone (6 or 24 MPs).

In addition, our results support the use of models that utilize 
GSR. Across nearly every benchmark, the denoising models 
without the regression of the GS underperformed relatively to 
similar models that included it. Specifically, as shown by the re-
sults of the network-sensitive measures, the pipelines including 
GS had higher modularity, time-based FCC, and LF-FCC values 
with respect to the same models without GSR. GSR emerges as 
a very efficacious strategy for the identification of large-scale 
networks in the overall brain network, an aim that is particu-
larly important in rs-fMRI analyses, where the global state of 
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the functional brain networks is of interest (Tassi et al. 2020). 
This is in accordance with the results presented in the work by 
Ciric et al. (2017), where all the top six confound regression ap-
proaches included GSR, likely to be the single most efficacious 
strategy for denoising, and it is further supported by recent data 
regarding the role of motion and physiological artifacts in GS 
(Power et  al.  2017). The inclusion of GSR increased network 
modularity also in the denoising strategies considered in the re-
cent work by Wang et al. (2024).

The effectiveness of GSR is probably due to the nature of the 
motion artifact itself: in-scanner head motion tends to induce 
widespread reductions in signal intensity across the entire brain 
parenchyma (Satterthwaite et al. 2013). This effect is highly re-
producible across datasets and is effectively captured by time 
series regression of the GS (Power et al. 2017).

However, despite its simplicity, the use of GSR within denois-
ing procedures is quite debated (Murphy and Fox 2017). Several 
studies have shown that a large fraction of the GS is associated 
with physiological processes such as heart rate and breathing ac-
tivity (Chang and Glover 2009; Kassinopoulos and Mitsis 2019; 
Zhu et al. 2015), as well as head motion (Power et al. 2014), but 
there is also evidence that the GS may be driven by neuronal ac-
tivity (Fox et al. 2009; Wong et al. 2013). Therefore, even though 
our results are in support of performing GSR, such a strategy 
entails the possibility of removing some neuronal-related fluc-
tuations from the data.

In support of this, it is conceivable that the GS may be 
strongly correlated with the signals of the most evident RSN. 
Considering that the DMN showed high glucose metabolism 
during rest (Buckner, Andrews-Hanna, and Schacter  2008; 
Raichle et  al.  2001), there could be the hypothesis that the 
GS may have a high association with DMN dynamics (Chen 
et al. 2012). For this reason, removing GS could remove neu-
ronal contributions from fMRI signals. In this context, we 
quantified the identifiability of the most acknowledged RSNs, 
including the DMN, to evaluate if their specific recognition 
decreased performing GSR. As shown in Figure  S28, our 
results showed that pipelines including GSR did not reduce 
DMN identifiability, since time-based FCC was higher than in 
the other denoising techniques.

In addition, by shifting the distribution of correlation coeffi-
cients to be approximately zero-centered, GSR could increase 
the number of negative connections in the functional connec-
tome, and the underestimation of true positives measures could 
affect the interpretation (Murphy and Fox 2017). Furthermore, it 
should be noticed that the removal of the GS, which may contain 
information intrinsically related to the acquisition setting, could 
help uniform, and harmonize preprocessed fMRI data among 
different research centers, where different scanners and imag-
ing parameters were used.

Similar considerations can be made for WM signal regression. 
In the past, the vast majority of fMRI studies have been focused 
on detecting BOLD changes in brain GM and only a very lim-
ited number of reports provided corresponding changes in WM; 
whereas, in recent years, a growing number of studies have reli-
ably detected BOLD signals within WM which appear to reflect 

the intrinsic neural activity (Ding et al. 2013, 2016, 2018; Fraser 
et al. 2012).

Since there is new evidence that even WM has BOLD signal 
fluctuations that could be task dependent (Gawryluk et al. 2011; 
Gawryluk, Mazerolle, and D'Arcy 2014; Li et al. 2019; Mazerolle 
et  al.  2010), showing that changes in neural activity are en-
coded in BOLD variations throughout the brain, there is the 
risk of regressing out real signal from the data we are analyzing. 
However, for all the considered denoising pipelines, the possi-
bility of removing neuronal contributions remains a risk of each 
preprocessing step.

Similarly, caution should be taken for the preprocessing of fMRI 
data acquired during tasks associated with substantial changes 
in the WM and in global cerebral blood flow (Coghill et al. 1998; 
Zeidan et  al.  2015). Indeed, as shown in the work by Hoeppli 
et al. (2023), considerably less brain activation was detected in 
response to noxious heat stimulation, which is known to elicit 
correlated WM responses, in data preprocessed with CompCor-
based techniques, probably due to the removal of principal 
components from WM areas during stimulation that may be as-
sociated with systemic physiological responses.

In summary, our results based on complementary perspectives 
suggest that a single confounder regression strategy might not 
be optimal for every study considering that the proposed per-
formance measures reward different denoising techniques. 
Nevertheless, in studies of network organization, such as rs-
fMRI analyses, network identifiability may be of primary in-
terest and, therefore, performing GSR could help enhance the 
network modularity. This is particularly important in rs-fMRI 
applications, where it is more difficult to measure the quality of 
the data and to preserve information of interest, in the absence 
of hypotheses on brain regions activations.

The present study provides different valuable options for the 
analysis of brain networks in resting-state conditions. Our sum-
mary performance index has enabled the identification of a de-
noising pipeline providing a good compromise between noise 
removal and information preservation in rs-fMRI applications.

Overall, our findings aimed to support future fMRI studies in 
the choice of suitable denoising pipelines; nevertheless, it should 
be remarked that this choice should be based on the specific in-
terests and characteristics of the individual applications.

4.3   |   Limitations

Some limitations of the present study should be discussed. 
One of the principal challenges in evaluating the performance 
of fMRI denoising strategies is the lack of a noise-free ground 
truth. The baseline hypothesis is that of removing subject- and 
scanner-related artifacts within the fMRI data while preserving 
metabolic and hemodynamic information, which, however, is 
unknown or difficult to identify.

While this study provides valuable insights into the effective-
ness of various denoising techniques, without a ground truth 
in resting-state fMRI, it is challenging to establish the absolute 
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reliability of the quality control metrics when comparing denois-
ing techniques.

Some concerns apply to the inclusion of quality metrics tar-
geting the connectivity of RSNs, since these networks have 
been primarily identified using rs-fMRI data potentially af-
fected by artifacts; nevertheless, the reliability of fMRI-based 
RSNs is supported by electroencephalography (EEG) and 
EEG-fMRI evidence (Britz, van de Ville, and Michel  2010; 
Custo et al. 2017), thus limiting the risk of using biased qual-
ity metrics.

Some potential limitations regard the assumptions behind 
time-based FCC and HF-FC content. The LF-FCC was de-
veloped based on the assumption that LF oscillations within 
RSNs primarily reflect spontaneous neuronal activity, as 
supported by the widespread use of the Amplitude of Low 
Frequency Fluctuation (ALFF) index (Yu-Feng et  al.  2007; 
Zou et  al.  2008). However, we recognize that LF physiologi-
cal noise, such as cardiac and respiratory artifacts, can alias 
into this range. Therefore, we suggest caution in interpret-
ing frequency-based FCC results. The HF-FC content as-
sumed that HF signals predominantly represent noise, but 
recent studies suggested that brain connectivity may also be 
present in HF band (DeRamus et  al.  2021; Ziaeemehr and 
Valizadeh 2021). Future research should explore more sophis-
ticated methods for distinguishing between noise and real 
connectivity in both the LF and HF bands.

Another limitation to be discussed regards the biases intro-
duced by noise-sensitive quality metrics, like FD-DVARS, 
which clearly favored the pipelines that specifically targeted 
movement artifacts, and signal-related measures, as tDOF loss 
that obviously rewarded the pipelines with the lower number 
of confounding regressors. However, this bias was partly ad-
dressed by relying on the summary performance index, which 
was precisely developed for balancing artifact removal and sig-
nal of interest preservation.

Additionally, with regard to the summary performance index, 
the normalization of metrics with different value ranges could 
have reduced their sensitivity. Despite that, the results of the 
single measures can provide crucial additional information on 
their performance. Within this context, the applicability of the 
summary index may vary depending on the dataset and research 
objectives. Therefore, we would like to emphasize the need for 
researchers to critically assess their data and select appropriate 
denoising steps based on their specific objectives.

Another limitation is due to a bug in the version of fMRIPrep 
used by HALFpipe, in which the aCompCor components are 
currently selected exclusively from the CSF mask (GitHub n.d.). 
Future versions of HALFpipe are expected to address this bug, 
which may influence the choice of components in subsequent 
studies.

Other limitations are related to the dataset used in this study. 
A possible limitation is in the acquisition protocol. The fact 
that participants were instructed to keep their eyes closed 
during fMRI scanning might have affected the FC stability, 
as recently reported (Patriat et  al.  2013). Nevertheless, the 

literature evidence on brain network differences between 
closed-eyes and open-eyes resting state is contrasting (Han 
et al. 2023). Although closed-eyes resting-state increases the 
risk of falling asleep, in our study all participants explicitly 
reported staying awake. In our study, we used a TR of 2.5 s, 
which is slightly longer than the more commonly applied 2 s 
in rs-fMRI studies. Previous research indicated that varia-
tions within 0.1–3 s as sampling rates have minimal effects 
on temporal and FC measures (Huotari et al. 2019). However, 
the longer TR may increase the risk of aliasing from physio-
logical signals, such as respiratory and cardiac fluctuations, 
into the LF band of the BOLD signal, potentially affecting the 
assumptions underlying some quality control measures based 
on LF and HF ranges, as discussed above. Despite this, the 
difference between 2 and 2.5 s is relatively small and within 
an acceptable range for FC studies.

A further limitation of the present study is related to the rela-
tively small dataset available. In the near future, the comparison 
of denoising pipelines in a replication sample will be useful to 
assess the reproducibility of the present results. Moreover, we 
do not know if the present results generalize to datasets with 
different MRI scanners and sequence parameters, such as much 
shorter or longer time series or time repetition intervals.

Furthermore, in-scanner motion itself, as well as physiolog-
ical noise, could represent a biologically informative pheno-
type that might be erroneously disregarded. For example, Zeng 
et al. (2014) found specific alterations in connectivity for partic-
ipants who had generally high levels of motion, even on scans 
where motion was low. However, head motion is tracked, hence 
it is feasible to remove information that is strictly associated with 
the movements during the acquisition, and correctly dissociate 
confounding effects of motion on brain connectivity measures.

In addition, it is possible that the characteristics of the different 
artifacts may be dependent on the population under study. The 
present study examined the efficacy of denoising strategies in a 
sample of adults and elders from the general population and did 
not explore the extent to which the efficacy of each denoising 
strategy was age- or population-dependent, which merits addi-
tional investigation in the future.

Finally, our evaluation included many of the most commonly 
used techniques among the available strategies for rs-fMRI de-
noising, even if other approaches, such as RETROICOR (Glover, 
Li, and Ress 2000) and ICA-FIX (Griffanti et al. 2014; Salimi-
Khorshidi et al. 2014), may be valuable. However, in the present 
study, we focused solely on denoising methods that are available 
in HALFpipe, which was proposed within ENIGMA consor-
tium for neuroimaging analyses, towards providing a uniform 
consensus pipeline for rs-fMRI data preparation.

However, considering the multiple denoising scenarios that can 
be implemented in HALFpipe, we are aware that the ones com-
pared in our study did not cover all the possible combinations. 
Future work will involve a comprehensive evaluation of addi-
tional denoising pipelines and brain parcellations.

In the future, approaches removing physiological artifacts esti-
mated with modalities other than fMRI, such as heart pulse or 
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respiratory artifacts extracted from electrocardiography or res-
piration signals (Goffi et al. 2023, 2024) should be included in 
the comparison.

5   |   Conclusions

The present study provided a comprehensive comparison of 
the performance of different denoising techniques for rs-fMRI 
applications using previously proposed as well as novel quality 
control metrics, contributing to the ongoing research in this 
area. Since the metrics had specific sensitivity and did not uni-
formly favor a specific denoising strategy, showing substantial 
heterogeneity in the performances, to facilitate the comparison 
across strategies we adopted a multi-perspective framework and 
proposed a summary performance index aiming at identifying a 
suitable denoising pipeline for rs-fMRI studies. The investigated 
measures combined in a unique index rewarded the denoising 
strategy including the regression of mean signals from WM 
and CSF brain areas and GS, which showed a good trade-off 
between artifacts removal, signal of interest preservation, and 
RSNs identifiability.

If confirmed on independent datasets, our findings can contrib-
ute to the definition of new guidelines for rs-fMRI denoising, 
reducing analytic flexibility and improving the reproducibility 
of rs-fMRI results.
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