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a b s t r a c t
Functional Quantitative Susceptibility Mapping (fQSM) allows for the quantitative measurement of time-varying
magnetic susceptibility across cortical and subcortical brain structures with a potentially higher spatial speciﬁcity
than conventional fMRI. While the usefulness of fQSM with General Linear Model and “On/Oﬀ” paradigms has
been assessed, little is known about the potential applications and limitations of this technique in more sophisticated experimental paradigms and analyses, such as those currently used in modern neuroimaging.
To thoroughly characterize fQSM activations, here we used 7T MRI, tonotopic mapping, as well as univariate
(i.e., GLM and population Receptive Field) and multivariate (Representational Similarity Analysis; RSA) analyses.
Although fQSM detected less tone-responsive voxels than fMRI, they were more consistently localized in gray
matter. Also, the majority of active gray matter voxels exhibited negative fQSM response, signaling the expected
oxyhemoglobin increase, whereas positive fQSM activations were mainly in white matter. Though fMRI- and
fQSM-based tonotopic maps were overall comparable, the representation of frequency tunings in tone-sensitive
regions was signiﬁcantly more balanced for fQSM. Lastly, RSA revealed that frequency information from the
auditory cortex could be successfully retrieved by using either methods.
Overall, fQSM produces complementary results to conventional fMRI, as it captures small-scale variations in
the activation pattern which inform multivariate measures. Although positive fQSM responses deserve further
investigation, they do not impair the interpretation of contrasts of interest. The quantitative nature of fQSM, its
spatial speciﬁcity and the possibility to simultaneously acquire canonical fMRI support the use of this technique
for longitudinal and multicentric studies and pre-surgical mapping.

1. Introduction
Quantitative Susceptibility Mapping (QSM) (de Rochefort et al.,
2010; Deistung et al., 2016; Haacke et al., 2015; Liu et al., 2015;
Reichenbach et al., 2015; Shmueli et al., 2009; Wang and Liu, 2015) is a
well-established method based on the phase of the Magnetic Resonance
(MR) signal acquired via a Gradient Recalled Echo (GRE) sequence,
which allows the non-invasive quantiﬁcation of tissue magnetic susceptibility (𝜒). Since susceptibility represents an important biomarker for
the quantitative evaluation of iron loads (Langkammer et al., 2012),
myelination (Argyridis et al., 2013; Liu et al., 2011), hemorrhages and
calciﬁcation (Chen et al., 2014; Deistung et al., 2013; Schweser et al.,
2010; Sun et al., 2018), its employment is particularly growing in clin-
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ical studies focusing on the diagnosis and follow-up of neurodegenerative diseases, such as Parkinson’s disease (Acosta-Cabronero et al., 2017;
Langkammer et al., 2016; Lotﬁpour et al., 2012; Mazzucchi et al., 2019;
Sjöström et al., 2017), multiple sclerosis (Langkammer et al., 2013;
Wisnieﬀ et al., 2015; Zhang et al., 2016), amyotrophic lateral sclerosis (Costagli et al., 2016; Donatelli et al., 2019) and Alzheimer’s disease
(Acosta-Cabronero et al., 2013; O’Callaghan et al., 2017). Information
provided by QSM is not only quantitative, but also reﬂects a local property of the tissues, as free from the non-local dipole eﬀect created by
susceptibility sources that instead aﬀect T2∗ -weighted images.
QSM has been recently applied to functional MRI, as well (i.e.,
functional QSM - fQSM) (Balla et al., 2014; Bianciardi et al., 2014;
Chen et al., 2013; Chen and Calhoun, 2015; Costagli et al., 2019;
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interview, including a brain structural MRI scan, to exclude any disorder that could aﬀect brain structure or function. All participants gave
their written informed consent after the study procedures and potential
risks had been explained. The study protocol was approved by the local
Institutional Review Board (IRB) (Comitato Etico Area Vasta Nord Ovest
- CEAVNO; Protocol No. 1485/2017) and the research was conducted
in accordance with national legislation and the Declaration of Helsinki.

Özbay et al., 2016; Shih et al., 2021; Sun et al., 2016). This method
relies on the acquisition of a complex-valued GRE-EPI signal (i.e., the
simultaneous acquisition of both signal magnitude and phase) (Sun and
Wilman, 2015), with no increase in acquisition time. By removing the
non-local dipole eﬀect, fQSM guarantees a more direct measure of the
susceptibility variation, which is responsible for the Blood Oxygenation
Level-Dependent (BOLD) eﬀect. Hence, fQSM can provide a quantitative
and spatially speciﬁc correlate of neural activity.
Previous studies assessed the feasibility of fQSM (Bianciardi et al.,
2014; Chen et al., 2013) and highlighted some of its characteristics. In particular, fQSM has suﬃcient sensitivity-though lower than
magnitude-based fMRI-to detect parenchymal activation (Balla et al.,
2014; Bianciardi et al., 2014). This lower sensitivity is balanced by
higher spatial speciﬁcity due to the removal of the non-local dipole ﬁeld
eﬀect (Balla et al., 2014; Costagli et al., 2019; Shih et al., 2021). A potentially interesting but still unclear property of fQSM is related to the sign
of the activation (Balla et al., 2014; Costagli et al., 2019; Özbay et al.,
2016). The net eﬀect of the variation of the cerebral metabolic rate of
oxygen and of cerebral blood ﬂow and volume observed during neuronal activation determines a local increase of oxygenated blood in
task-sensitive regions. As deoxy-hemoglobin is paramagnetic (i.e., it has
positive susceptibility) and oxy-hemoglobin is diamagnetic (i.e., it has
negative susceptibility), during task periods we observe a decrease in
tissue susceptibility which leads to an increase in the T2∗ -weighted signal. Hence, in voxels showing a BOLD fMRI signal increase, a negative
fQSM activation is expected. Although this is the case for the vast majority, some voxels show the same directionality in BOLD fMRI and fQSM
signal change. Indeed, the presence of both positive and negative fQSM
activations complicates the interpretation of contrasts of interest in taskbased paradigms. Unexpected directionality in fQSM could be caused by
incomplete dipole inversion (Balla et al., 2014; Özbay et al., 2016), especially near strong susceptibility sources, such as veins. However, this
eﬀect has been observed using a broad range of acquisition parameters
and several reconstruction algorithms, suggesting that data processing
has a limited impact on this. Therefore, new studies are needed to better
clarify the biophysical principles that could explain task-related fQSM
signal increments.
Previous works focused on the application of conventional analysis techniques to fQSM data, such as General Linear Model (GLM) for
simple task-based “On/Oﬀ” experiments. Yet, GLM is not the only approach adopted by the neuroimaging community, and more advanced
tools, namely multivariate methods, have become increasingly popular
in neuroscientiﬁc analytical pipelines. Also, to precisely dissect complex
cognitive and aﬀective human abilities, simple “On/Oﬀ” task designs
have been replaced by paradigms including several experimental conditions. Notwithstanding progress in functional neuroimaging data analysis and study design, a comprehensive assessment of the applicability
of these approaches to fQSM data is currently missing.
Here, we used ultra-high ﬁeld 7T-MRI and ﬁne-grained tonotopic
mapping to characterize “unexpected” fQSM responses (i.e., those voxels with equal activation sign in fQSM and fMRI) and to assess the ability of this technique to discriminate between brain responses elicited
by diﬀerent perceptual features, speciﬁcally tone frequency. To do this,
we used three approaches typically adopted in modern neuroimaging
studies: the classic mass-univariate GLM, the population Receptive Field
(pRF) method (Dumoulin and Wandell, 2008), and the Representational
Similarity Analysis (RSA) (Kriegeskorte et al., 2008).

2.2. Experiment and stimulus design
Stimuli for tonotopic mapping consisted of trains of pure tones (rate:
10 tones per second; duration: 75 ms with 5 ms cosine ramp in loudness) selected from ten perceptually uniform frequency bands based on
the Bark scale (Zwicker, 1961): (1) 100–200 Hz; (2) 300–400 Hz; (3)
510–630 Hz; (4) 770–920 Hz; (5) 1080–1270 Hz; (6) 1480–1720 Hz;
(7) 2000–2320 Hz; (8) 2700–3150 Hz; (9) 3700–4400 Hz; (10) 5300–
6400 Hz). We adopted this particular stimulation paradigm based on
narrowband stimuli as it provides high sensitivity in detecting diﬀerences in frequency tuning (Langers et al., 2014). Pure tones were presented binaurally in blocks of 7.5 s followed by randomly selected rest
periods of either 7.5 or 10 s. The loudness of each block was modulated
by a cosine ramp of 0.3 s, to fade in and out and mitigate the startle
caused by stimulus onset. The onset of the ﬁrst stimulus block was preceded by a rest period of 20 s (including 10 s of dummy scans) and
each fMRI run ended with an additional 5 s period of silence. A scheme
of the stimulation paradigm for one fMRI run is presented in Supplementary Materials (Fig. S1). The ten frequency bands were played in a
pseudorandom order across subjects and across the four runs that were
acquired in the MRI session. Each frequency band was presented twice
per run, summing up to a total of 20 trials per run and 80 trials per scan
session, that is 8 trials per frequency band. The duration of one run was
5 min and 50 s, summing up to 23 min and 20 s for the whole functional
scan. To ensure that all frequency bands were perceived as having comparable loudness, three subjects were asked to equalize the volume of
12 pure tones ranging 100–8000 Hz with respect to a 1000 Hz reference frequency. This procedure was performed during an EPI scan to
account for the scanner noise. The equalization was performed via the
QUEST adaptive psychometric method (Watson and Pelli, 1983), with
an initial guess for the algorithm derived from the ISO-226 standard.
Afterward, the loudness for each tone was derived via an interpolating
ﬁt and further adjusted for each subject to account for possible diﬀerences in scanner noise attenuation due to earphone positioning and head
padding. Subjects were instructed to passively listen to the stimuli and
keep their eyes closed during the entire acquisition.
Stimuli were designed in MATLAB 2017a (Mathworks, Natick, MA,
USA) running Psychtoolbox and administered via MR-compatible inear earphones (VisuaStimDigital, Resonance Technologies, Los Angeles,
USA), connected to a computer placed in the control room.
2.3. MRI system
Functional and anatomical MR images were acquired on a GE Healthcare Discovery MR950 7T MRI system (GE Healthcare, Chicago, Illinois)
equipped with a two‐channel transmitter/32‐channel receiver head coil
(Nova Medical, Wilmington, MA, USA) and a gradient system with maximum amplitude = 50 mT/m and slew rate = 200 mT/m/ms.
2.4. MRI acquisition

2. Methods
Functional scans were performed by using a 2D gradient echo EPI.
Forty-nine slices were prescribed axially and acquired in interleaved ascending order (odd slices ﬁrst). The prescription partially covered the
brain starting from ventral regions, up to perisylvian frontal and parietal territories. The following acquisition parameters were employed
for all functional runs: Echo Time (TE) = 21.3 ms, Repetition Time
(TR) = 2.5 s, Flip Angle (FA) = 74°, Field Of View (FOV) = 230 × 230

2.1. Subjects
Twelve healthy volunteers (6 females, aged 27 - 44 years, 33 ± 6
years old) with normal hearing and no history of neurological diseases
or psychiatric disorders were recruited to participate in the study and
underwent a 7 Tesla MRI scan session. All subjects received a medical
2
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Fig. 1. Graphical summary of the reconstruction and preprocessing pipelines (panel A) and of the analysis that were performed on the fMRI and fQSM dataset (panel
B).

mm2 , matrix size = 128 × 128, in-plane resolution = 1.8 mm, slice thickness = 1.8 mm, parallel imaging ASSET (Array coil Spatial Sensitivity
Encoding Technique) acceleration factor = 3, fat suppression. No resampling was performed during image reconstruction to preserve native
resolution.
Each subject underwent one fMRI session, consisting of four runs
of tonotopic mapping. To correct for geometric distortions associated
with phase-encoding direction, we set opposite gradient polarity (either
anterior-to-posterior or posterior-to-anterior) for odd and even runs.
Four “dummy” volumes were discarded at the beginning of each run
to allow the magnetization to reach the steady-state. The number of
acquired volumes for each tonotopy run was 136. For each functional
scan, we acquired the complex-valued signal and reconstructed the magnitude and the phase images using a custom code running in MATLAB
2019a.
For anatomical reference, a T1-weighted image was acquired using
an MP2RAGE sequence (Marques et al., 2010). This is a modiﬁed version of a Magnetization-Prepared Rapid Gradient Echo (MPRAGE) scan,
based on the acquisition of two low-ﬂip angle images at two diﬀerent Inversion Times (TI). MP2RAGE sequence was prescribed axially
to cover the whole brain and acquisition parameters were set as follows: TR = 6.6 ms; TE = 2.0 ms; Inversion Time TI1,2 = 1000, 3200 ms;
FA = 5°; voxel size = 0.8 × 0.8 × 0.8 mm3 , in-plane FOV = 220 × 220
mm2 ; sagittal coverage = 176 mm; scan duration = 11′36″).

followed by 3D V-SHARP (Schweser et al., 2011). This joint 2D and
3D approach solves the issue of phase inconsistencies across adjacent slices of 2D EPI. The 2D step removes the in-plane harmonic
components of background noise and reduces the phase inconsistencies between slices; then, the 3D step removes the through-plane
noise contributions. The iLSQR method (Li et al., 2015, 2011) was
applied to tissue phase images of each time-point to obtain QSM
maps. The algorithms used for phase processing and QSM reconstruction are implemented in STI Suite (MATLAB toolbox, available at
https://people.eecs.berkeley.edu/∼chunlei.liu/software.html from UC
Berkeley, Berkeley, CA, USA). The reconstruction pipeline is illustrated
in Fig. 1A.

2.6. Preprocessing of anatomical data
MP2RAGE raw data were reconstructed oﬄine with a custom MATLAB code using Orchestra, a GE Healthcare reconstruction framework.
Images corresponding to each inversion time were obtained via Autocalibrating Reconstruction for Cartesian imaging (ARC) followed by adaptive coil combination (Walsh et al., 2000) and vendor-provided gradient
non-linearities correction. The ﬁnal MP2RAGE image was obtained by
combining the images acquired with diﬀerent TIs (Marques et al., 2010)
to produce T1-weighted anatomical images virtually free of intensity
bias. After reconstruction, the anatomical images were rigidly aligned
along the Anterior Commissure (AC) - Posterior Commissure (PC) plane
(AC-PC). Speciﬁcally, an aﬃne transformation (12 degrees of freedom)
was computed to transform the T1-weighted image into MNI space using
ﬂirt (Jenkinson et al., 2012) in FSL 5.0.9. Then, the transformation was
converted to rigid body transform (6 degrees of freedom) and applied to
the anatomical dataset. Brain extraction was performed via antsBrainExtraction.sh routine in ANTs (Advanced Normalization Tools), using the
OASIS dataset as a template. Tissue class segmentation was performed in
SPM12 (Penny et al., 2011) to obtain gray and white matter probabilistic
maps that were then resampled to EPI spatial resolution. Linear and nonlinear registration to the MNI152 template were performed via 3dQwarp
in AFNI (Cox, 1996) adopting the wsinc5 interpolation method.

2.5. Functional QSM data reconstruction
A susceptibility map was computed for each acquired volume
as follows. Firstly, the raw phase image of each volume was unwrapped via a Laplacian-based algorithm (Li et al., 2011; Schoﬁeld and
Zhu, 2003). A brain mask was generated using the Brain Extraction Toolbox (bet) (Smith, 2002) in FSL 5.0.9 (FMRIB Software Library, Oxford centre for Functional MRI of the Brain, Oxford, UK)
on the magnitude image and then used for the background phase removal. To this purpose, we employed an optimized pipeline for 2D
EPI phase processing (Wei et al., 2016): the background phase was
removed via a 2D version of the Laplacian-based method V-SHARP,
3
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2.7. Preprocessing of functional data

2.9. Tonotopic mapping

Data were visually inspected to ensure the absence of excessive motion and scanning artifacts. Preprocessing of the functional datasets was
performed in AFNI. Motion correction was carried out via 3dvolreg in
two sequential steps: in the ﬁrst iteration, all volumes were aligned to
the ﬁrst of each time series to compute the framewise displacement between each pair of successive time points; then, the registration was
repeated using the volume showing the smallest displacement as a reference. This procedure ensures that the reference time point is not corrupted by sudden head motion. Rigid body transformations (6 degrees
of freedom) were computed and applied to functional time series. Head
motion parameters were plot and inspected to verify data quality and
the absence of a signiﬁcant correlation between motion and stimulus
timing. Non-brain tissues were removed using bet routine in FSL 5.0.9.
B0 distortion was corrected by applying the following steps: the two
pairs of scans acquired with the same gradient polarity were aligned together and averaged. Afterward, the two average images with opposite
polarity were coregistered using 3dQwarp and the “meet in the middle”
algorithm (-plusminus option). After computing the aﬃne transformation matrix of the undistorted average EPI image to the skull-stripped
T1-weighted scan via align_epi_anat.py routine, the two transformations
(the B0 distortion correction and the alignment to the anatomical scan)
were concatenated and applied simultaneously to the functional scans
via 3dNwarpApply. Data were spatially blurred to a Full-Width at HalfMaximum (FWHM) of 6 mm using 3dBlurToFWHM, a routine that iteratively estimates and increases the smoothness of data until reaching
the desired level. Lastly, the time series were demeaned and scaled to
percent signal change.
Functional QSM data were motion-corrected and aligned to the
anatomical image by applying the transformation computed for conventional fMRI data. To preserve fQSM quantitative information, we
applied nearest-neighbor interpolation method, in both fQSM and fMRI
pipelines for consistency. Then, data were smoothed up to 6 mm FWHM
(3dBlurToFWHM) and demeaned. Scaling was avoided to preserve the
quantitative information of the variation of tissue susceptibility, here
reported in parts per billion (ppb). The preprocessing steps are summarized in Fig. 1A.

A ﬁrst contrast of interest was computed on single-subject GLM coeﬃcients, testing the “Low frequencies” (pure tones ranging from 100
to 630 Hz; frequency bands 1 to 3) > “High frequencies” (pure tones
ranging from 2700 to 6400 Hz; frequency bands 8 to 10) contrast.
In addition, to estimate the frequency tuning curve of voxels in the
SRA ROI, we employed the population Receptive Field (pRF) approach
(Dumoulin and Wandell, 2008). The population response was modeled
as a one-dimensional Gaussian function, deﬁned over log-scaled frequency (Thomas et al., 2015). The center frequency f0 spanned the
whole range of frequencies played during stimulation, from 100 Hz to
6400 Hz, covering an interval of 6 octaves, with a step size of 0.25 octaves. The values of the standard deviation 𝜎 ranged from 0.25 to 4
octaves, with 0.25 octaves step size. The expected response for a population whose tuning is described by one of the Gaussian functions is
computed by evaluating the Gaussian curve at the frequency played at
each time point. Models were ﬁtted to the data via linear regression,
after cleaning out the contribution of nuisance variables (i.e., drifts and
head motion), and the tuning for each voxel was determined by selecting the combination of f0 and 𝜎 that maximizes the t-score of the ﬁt,
that is 𝛽/SE where 𝛽 is the coeﬃcient of the linear regression and SE is
the standard error of the ﬁt. For fQSM data, we selected the Gaussian
function that provided the maximum negative t-score, as one should
expect the fQSM activation to be sign-ﬂipped as compared to conventional fMRI. The similarity of pRF maps obtained from fMRI and fQSM
for each subject was quantiﬁed using Pearson’s correlation. Statistical
signiﬁcance of the correlation coeﬃcient was evaluated via permutation
testing.

2.10. Multivariate pattern analysis
To evaluate the response pattern of SRA and to assess the ability
of this region in discriminating pure tones based on their frequency,
we employed RSA (Kriegeskorte et al., 2008). We conducted this analysis in an ROI deﬁned as the intersection between fMRI and fQSM SRA
masks, which identiﬁes task-selective voxels regardless of the technique.
For both fMRI and fQSM and for each subject, we obtained Representational Dissimilarity Matrices (RDM) by computing the pairwise correlation distance between tone-speciﬁc activity patterns. The correspondence between the fMRI and fQSM RDMs was tested through Pearson’s
correlation coeﬃcient and statistical signiﬁcance was assessed via permutation testing. Speciﬁcally, in each iteration, stimulus labels of fQSM
trials were shuﬄed thus to obtain a null RDM, which was correlated
with the one coming from conventional fMRI. This procedure generated
a null distribution (105 permutations), which was used to test the significance of the actual correlation value. Lastly, to visualize the functional
mapping of pure tones in the SRA region obtained from fMRI and fQSM
data, we performed Multidimensional Scaling (MDS; mdscale function in
MATLAB). Both single-subject and group-average RDMs were visualized
in a two-dimensional MDS space. Analyses performed in this study are
summarized in Fig. 1B.

2.8. Selection of tone-responsive areas
For each subject, we used AFNI’s 3dDeconvolve to perform a massunivariate voxelwise GLM analysis (Friston et al., 1994) on fMRI and
fQSM data. Regressors for each individual trial were created by convolving a boxcar function with the canonical hemodynamic response
function. Polynomial drifts and six motion parameters (three translations and three rotations) were included as nuisance regressors. For
conventional BOLD fMRI, voxels responding to auditory stimulation i.e., All Sounds > Rest - were identiﬁed by performing a non-parametric
permutation test (two-tailed) on the t-statistic map of each trial using
FSL randomize, setting a threshold of p < 0.05 voxel-wise corrected. We
selected the two largest clusters with positive fMRI response for each
subject, together with voxels showing signiﬁcant negative responses,
so as to obtain a functionally deﬁned mask of the Sound Responsive
Area (SRA). Even though negative fMRI activations are not usually taken
into account, their inclusion in the current analysis allows us to have a
fair comparison between conventional BOLD fMRI and fQSM, where the
presence of both positive and negative activations is frequently acknowledged. Similarly, a region of active voxels in fQSM with both positive
and negative responses was deﬁned via a permutation test with the same
statistical threshold used for conventional fMRI. After alignment to the
MNI space, a probabilistic SRA Region Of Interest (ROI) was computed
by summing the masks across subjects. The peak values of R2 obtained
in SRA for fMRI and fQSM for all subjects were compared with a paired
t-test.

3. Results
3.1. Data quality and phase artifacts
All subjects involved in the study completed the exam session. However, two of them (M-28yo, F-27yo) reported having fallen asleep during
the scan. Moreover, the analysis of motion parameters revealed extreme
head motion for another subject (M-32yo): nearly 30% of total timepoints (up to 78% in one of the four runs) were corrupted by excessive
framewise displacement (> 0.3 mm). These three subjects were not included in further analyses.
4
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Fig. 2. In panel A, an exemplary T2∗ -weighted image obtained with EPI is presented, while panel B shows the corresponding QSM image obtained from the phase of
the same acquisition. The optimized joint 2D-3D background ﬁeld removal enables the reconstruction of susceptibility maps from 2D EPI with no phase inconsistencies
across slices. Panel C shows the time course during one run of one exemplary voxel in SRA, indicated by the red dot in panel A and B, for fMRI (top) and fQSM
(bottom) signal. The gray shaded area indicates stimulus presentation. In panel D we reported the average peristimulus plot for a voxel with positive fMRI and
negative fQSM response (blue line, the shaded area indicates the standard error). The gray lines represent the peristimulus plot for an individual trial of each band
for a representative subject. The gray shaded area indicates the stimulus period, lasting 3 TRs, that is 7.5 s (For interpretation of the references to color in this ﬁgure
legend, the reader is referred to the web version of this article.).

using fQSM data had higher inter-subject variability. Moreover, diﬀerently from fMRI results, voxels in these regions showed both increments
and decrements in susceptibility (Fig. 3B). For voxels with responses of
opposite sign in fMRI and fQSM, we reported signiﬁcant Pearson’s correlation r- = −0.495 (p < 0.001) between t-stats values, while r+ = 0.212
(p < 0.001) was found for voxels with responses with the same sign. The
fraction of voxels yielding a positive fQSM response was 27 ± 10% in the
SRA ROI deﬁned by fQSM. This ratio dropped to 14 ± 10% when we considered “unexpected” voxels in the overlap between the tone-responsive
areas of fMRI and fQSM (Fig. 3C).
Voxels belonging to White Matter (WM) and Gray Matter (GM) were
studied separately according to the segmentation of the anatomical image with a probability threshold of 0.5. The fraction of active voxels
belonging to gray matter structures was 65 ± 4% for fMRI and 73 ± 8%
for fQSM (Fig. 6A). This statistically signiﬁcant diﬀerence (p < 0.01 in a
Wilcoxon signed rank test) indicates that fQSM provides patterns of activation that are more spatially speciﬁc than the one obtained via fMRI.
We reported that the fraction of voxels with fQSM response of opposite sign with respect to fMRI was higher in GM than in WM. In fact,
while in GM the fraction of voxels with “unexpected” fQSM response
was 12%, in WM it was 42% (Fig. 6B). The anatomical localization of
active voxels can be also indicated by their structural tissue susceptibility, as measured by the fQSM time average. Fig. 6C shows the relationship between the average susceptibility of tone-responsive voxels
and the sign and magnitude of its response. Negative fQSM responses
generally yielded a higher R2 value with respect to positive fQSM. The
median of the tissue susceptibility distribution in an fQSM t-stat interval
shifts towards negative values when fQSM response becomes positive
(Fig. 6D). As negative values in QSM indicate the presence of a diamagnetic source, such as myelin, they are typically found in WM structures,
whereas positive 𝜒 values in GM. Thus, fQSM activation of the same
sign as fMRI were mostly located in WM, while in GM the expectations
on fQSM behavior were met in the great majority of voxels.

An exemplary fQSM image obtained from the 2D-EPI acquisition by
applying the optimized background phase removal workﬂow (Wei et al.,
2016) is shown in Fig. 2B, together with the corresponding T2∗ weighted image (Fig. 2A). The across-slices phase-inconsistency artifact
also reported in previous fQSM studies (Balla et al., 2014; Özbay et al.,
2016) was removed. Fig. 2C shows fMRI and fQSM activity of a voxel located in the auditory cortex for a single functional run. Instead, Fig. 2D
depicts the peristimulus plots computed in a voxel showing positive
fMRI and negative fQSM responses.
3.2. GLM analysis and tone-responsive areas
Results of the All Sounds > Rest contrast showed that the average R2
peak across subjects in SRA was 0.7 ± 0.1 for fMRI and 0.4 ± 0.1 for
fQSM (systematically lower in fQSM than fMRI; p < 10−6 in a paired
t-test). Also, R2 maps obtained from fMRI and fQSM data were signiﬁcantly correlated (Pearson’s correlation coeﬃcient was 0.434, p < 0.001;
Fig. 3A). A linear ﬁt yielded an angular coeﬃcient of 0.17 (R2 = 0.19),
indicating that the variance of fMRI data explained by the model is
higher than for fQSM data (Fig. 3A). Further, the average maximum signal increment observed for magnitude EPI during the task was 9 ± 1%.
For fQSM, the maximum decrease in susceptibility was -47 ± 14 ppb,
ranging from −79 ppb to −35 ppb depending on the subject. Maximum
positive fQSM response was 39 ± 14 ppb. At the statistical signiﬁcance
threshold chosen in the current study, the minimum detectable variation of susceptibility ranged from −0.006 ppb to −0.9 ppb depending
on the subject, with a median of −0.023 ppb.
The contrast All Sounds > Rest is shown in Fig. 4 for fMRI and fQSM
on the reconstructed cortical surface of each subject.
The probabilistic SRA ROI projected onto a group level MNI cortical mesh is shown in Fig. 5. The tone-responsive areas identiﬁed by the
two techniques diﬀered in size, with the fQSM ROI being approximately
15 ± 9% of the SRA ROI deﬁned by fMRI. Also, the deﬁnition of SRA
5
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Fig. 3. Scatter plot showing the relationship between fMRI and fQSM R2 values (panel A) of voxels that are identiﬁed as tone-responsive (p < 0.05 voxelwise
corrected) by both techniques, for all subjects. The red line indicates the average fQSM R2 over 0.1-wide fMRI R2 intervals and the result of the linear ﬁt is displayed
as a gray dashed line. We reported Pearson’s correlation coeﬃcient r = 0.434 (p < 0.001) and an angular coeﬃcient of 0.17 from the linear ﬁt (R2 = 0.19). In panel
B, the scatter plot shows the fQSM t-stat values corresponding to fMRI t-stat values. For voxels with responses of opposite sign we reported Pearson’s correlation
coeﬃcient r- = −0.495 (p < 0.001), while r+ = 0.212 (p < 0.001) was found for voxels with responses with the same sign. Panel C displays the fraction of voxels
showing negative fQSM response in the SRA ROI deﬁned by fQSM (light blue) and voxels showing opposite response with respect to fMRI in shared tone-responsive
areas (dark blue). The error bars indicate the standard error of the mean (For interpretation of the references to color in this ﬁgure legend, the reader is referred to
the web version of this article.).

3.3. Comparison of tonotopic mapping

3.4. Similarity of activation patterns

Regions in SRA that responded preferentially to lower and higher
frequencies according to GLM analyses are displayed in the ﬁrst two
columns of Fig. 7. In fMRI data, 34 ± 16% of voxels were selective for higher frequencies, whereas in fQSM this fraction was signiﬁcantly higher (p < 0.05 in a paired t-test), reaching 52 ± 3%
and yielding more balanced GLM contrast maps. We obtained the
ﬁne-grained mapping of the frequency tuning of SRA voxels for
both fMRI and fQSM data (third and fourth columns in Fig. 7, respectively). Even though the maps obtained from fMRI data were
smoother, fQSM frequency tuning maps showed the expected rostrocaudal high-low-high organization. Also, this arrangement extended to
areas that did not reach signiﬁcance for fQSM at the threshold selected in this study. The similarity between results obtained via fMRI
and fQSM was also testiﬁed by the signiﬁcant correlation between the
pRF patterns (p < 0.001 for each individual; across-subjects average
r = 0.22 ± 0.11).

The group average RDMs obtained from both fMRI and fQSM data
are shown in Fig. 8A. Single-subject RDMs are reported in Supplementary Materials (Fig. S2). RSA analysis revealed signiﬁcant correspondence between the RDMs obtained from the two approaches (r = 0.72
for the group average, 0.49 ± 0.15 for individual subjects, p < 10−5 ).
The results of the MDS analysis are shown for the group-average
RDMs and for two representative subjects in Fig. 8B. The scatter plots
for each individual subject are reported in Fig. S3 in Supplementary
Materials. The MDS analysis on the group-average RDMs, as well as the
results on the single subject, showed that trials of the same stimulus condition were clustered together along the ﬁrst dimension for both fMRI
and fQSM. As shown in Fig. S4 in Supplementary Materials, the second
dimension highlighted two clearly distinguished clusters corresponding
to the trials belonging to EPI runs with opposite polarities. Despite being noisier than fMRI, the activation patterns in fQSM retained enough
information to enable the mapping of a ﬁne-grained, topographicallyarranged organization of SRA.
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Fig. 4. Activation maps overlaid onto the inﬂated cortical surface mesh of each subject. The ﬁrst two columns display the t-statistics obtained for each subject
by summing the response to all stimulus trials in the SRA ROI identiﬁed via non-parametric permutation test (p < 0.05 voxelwise corrected), for fMRI and fQSM
respectively. The colormaps corresponding to fMRI and fQSM are inverted to take the sign inversion of the response into account and allow a more direct comparison.
The third column reports the anatomical landmarks of interest: Superior Temporal Sulcus (STS), Superior Temporal Gyrus (STG), Planum Temporale (PT) and Heschl’s
Sulcus (HS, blue line) and Gyrus (HG, red line) (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this
article.).

4. Discussion

We report that, in fQSM data, voxels signiﬁcantly activated by listening to pure tones are less numerous, but also more likely located in
the gray matter, than above-threshold voxels identiﬁed using canonical
fMRI. This suggests that the lower sensitivity of fQSM is, indeed, paralleled by higher spatial speciﬁcity. Interestingly, “unexpected” positive
fQSM activations are mainly limited to white matter. Moreover, both
univariate GLM and pRF analyses provide similar results when comparing the two acquisition methods. Nevertheless, while maps obtained

In the current study, we acquired a complex-valued 2D-EPI dataset
in a sample of healthy subjects using a 7T MRI scanner to assess the usefulness of fQSM in up-to-date human neuroimaging research. We particularly focused on the evaluation of fQSM spatial speciﬁcity and on the
characterization of its sensitivity in discriminating patterns of activation
associated with diﬀerent stimulus conditions.
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Fig. 5. Probabilistic SRA ROIs obtained by computing the overlap in the MNI space of the SRAmasks of all subjects. The ROI computed via fQSM was smaller and
showed less inter-subject overlap than the fMRI ROI.

Fig. 6. Anatomical distribution of active voxels. The fraction of voxels that belong to gray matter structures and show a signiﬁcant response at the statistical threshold
selected in this study was higher in fQSM (dark blue) than in fMRI (light blue) (Panel A), indicating that fQSM yields higher spatial selectivity than fMRI. The error
bars indicate the standard error of the mean. Panel B shows the fraction of voxels with negative fQSM response in gray matter (light blue) and white matter (dark
blue) for each subject and averaged over the whole group, highlighting that voxels with positive fQSM response were mostly found in white matter. Panel C displays
in a scatter plot the relationship between fQSM R2 values and the structural tissue susceptibility 𝜒 for all subjects. The colors of the dots represent the magnitude of
fQSM response. Panel D shows the data plotted in panel C after dividing the values of the t-statistics into ﬁve intervals. The colors of the histogram bars represent
the intensity of the fQSM response, while the gray dot indicates the median of the distribution. It can be seen that the median susceptibility shifts towards negative
values when the response becomes positive. This suggests that the voxels showing positive responses were mainly located in white matter (For interpretation of the
references to color in this ﬁgure legend, the reader is referred to the web version of this article.).

In agreement with previous studies (Balla et al., 2014;
Bianciardi et al., 2014; Chen et al., 2013; Costagli et al., 2019;
Özbay et al., 2016; Shih et al., 2021; Sun et al., 2016), when the same
statistical threshold is applied, the extent of tone-responsive areas
identiﬁed by fQSM is ﬁve- to ten-fold smaller as compared to the one
identiﬁed by fMRI. However, fQSM is suﬃciently sensitive to detect
signiﬁcant variation of susceptibility in the order of −0.01 ppb, that
is two orders of magnitude lower than what expected for pial veins
(Balla et al., 2014). This suggests its capability of revealing not only
strong sources of susceptibility variation, such as big vessels that yield
a signal alteration in the order of −10 ppb, but also weak activations
in the parenchyma. Also, fQSM activation maps have a signiﬁcantly

from fMRI are smoother in their spatial distribution, those coming from
fQSM show a patchier organization and voxel tunings are more equally
represented across the whole frequency range. This evidence is - again in favor of the higher speciﬁcity of fQSM in capturing ﬁne spatial variations related to the functional architecture of tone selective brain areas.
Lastly, the representational similarity analysis highlights a signiﬁcant
correlation between patterns of brain activity derived from fQSM and
canonical fMRI data.
In light of all this, our ﬁndings indicate that when univariate and
multivariate methods are applied to fQSM data, they provide biologically plausible results and that fQSM and canonical fMRI data complement each other in the study of brain activity.
8
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Fig. 7. GLM-contrast and pRF maps. The ﬁrst two columns display the areas in SRA ROI that responded preferentially to low frequencies belonging to the ﬁrst
three frequency bands (100–630 Hz) with respect to the high frequencies from the last three bands (2700–6400 Hz), for fMRI and fQSM respectively. The colormaps
corresponding to fMRI and fQSM are inverted to take the sign inversion of the response into account and allow a more direct comparison, so that low and high
frequencies are consistently represented in blue and red respectively. The third and fourth columns show the results of the pRF approach for each subject for fMRI
and fQSM respectively. The maps obtained by fMRI were smoother but a comparable pattern of frequency tuning preference was retrieved also for fQSM (For
interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.).

greater fraction of voxels lying in gray matter tissues than fMRI, which
we interpreted as a clue of higher spatial speciﬁcity. This is built on
the assumption that brain activity should be typically observed in gray
matter rather than white matter. By testing the spatial distribution
of active voxels at diﬀerent statistical thresholds, we reported higher
speciﬁcity of fQSM for activations in gray matter for the majority of
subjects, as described in Supplementary Materials and Supplementary
Fig. S5. However, a conclusive proof of this statement would require a
ground truth measurement for tonotopic mapping. The higher spatial
speciﬁcity of fQSM can be explained by the deconvolution of the
dipole kernel performed during QSM reconstruction and the subsequent
removal of the non-local eﬀect. Indeed, in conventional fMRI the

perturbation of the magnitude signal extends to voxels surrounding
the foci of the neural activation, hindering the accurate mapping
of the true activation site (Schenck, 1996). Notably, the increased
spatial speciﬁcity is not canceled by the small amount of spatial
smoothing that was applied to the data, suggesting that the non-local
dipole eﬀect acts on a larger-scale distance. On the other hand, spatial
smoothing allowed direct comparison with fMRI data and increased
statistical robustness (Worsley and Friston, 1995). In addition, the
analysis repeated with no spatial blurring applied yielded analogous
results, indicating that activation pattern can be retrieved by fQSM
data even in the absence of smoothing, as shown in Supplementary
Fig. S6.
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Fig. 8. RDMs and the results of MDS analysis. Panel A shows the group average RDMs computed via the correlation distance between activation patterns in SRA
ROI for fMRI (top) and fQSM (bottom). In panel B, the scatter plots representing in a 2-dimensional MDS space the group-average RDMs and the RDMs of two
representative subjects are displayed. The ﬁrst row refers to fMRI results while the second corresponds to fQSM. The colors represent the central frequency of the
band of each trial. The activation patterns of trials corresponding to the same stimulus condition clustered along the ﬁrst MDS dimension.

Despite negative fQSM responses are expected to colocalize with positive fMRI activation, previous studies (Balla et al., 2014; Chen et al.,
2013; Costagli et al., 2019; Özbay et al., 2016) reported sign inversion of
the fQSM activity, that is voxels whose susceptibility time series showed
signiﬁcant positive correlation with stimulus presentation, just as the
corresponding fMRI time series. This was especially observed in regions
close to strong susceptibility sources such as large veins (Özbay et al.,
2016), suggesting that in these areas the QSM reconstruction step failed
in completely removing the non-local ﬁeld components (Balla et al.,
2014; Özbay et al., 2016). On the other hand, positive fQSM was reported for several reconstruction methods, analysis approaches and acquisition parameters, indicating that it may underlie some physiological
information. In this work, we observed the same eﬀect and attempted
to characterize its biophysical properties. Speciﬁcally, we characterized the anatomical substrate underlying these observations by labeling each activated voxel as belonging to gray or white matter, so as to
test whether “unexpected” fQSM activations depended on the underlying anatomical structure. The labeling operation was performed based
both on the tissue class segmentation obtained from the T1-weighted
anatomical image and on the time-average susceptibility value of each
voxel. We reported that the voxels showing positive fQSM activation
were mainly located in white matter, while in gray matter more than
90% of voxels display the expected behavior. In fact, in our data, GLM
contrasts were minimally aﬀected by unexpected fQSM responses. Instead, the interpretation of activations in white matter is not trivial, even
for conventional fMRI, and represents an open question in neuroscience
(Gawryluk et al., 2014). It is acknowledged that the conventional fMRI
models may not be suitable to detect white matter task-speciﬁc activations (Li et al., 2019) and that the lower density of vessels reported in
white matter reduces the contribution of cerebral blood ﬂow and volume
to the fMRI signal (Gawryluk et al., 2014). Moreover, the anisotropic
vascular architecture in white matter aﬀects the GRE signal, i.e., the apparent R2∗ and magnetic susceptibility, as well as cerebral blood ﬂow
and volume, whose measured values depend on the orientation of vessels with respect to the static magnetic ﬁeld B0 (Hernández-Torres et al.,
2017). Hence, the mismatch between fMRI and fQSM and its prevalence
in white matter may be related to artifacts or it may be due to the detec-

tion of diﬀerent contributions to the signal which could be interpreted
by developing improved biophysical modeling, as the well-established
model adopted for the cerebral cortex might be inadequate. Even though
our characterization suggests that morphological properties of brain tissues are implicated in the generation of positive fQSM responses, further
investigations are needed to clarify its underlying mechanisms.
On these premises, we compared fQSM and fMRI responses to different stimulus conditions, that is to diﬀerent sound frequencies, using both univariate and multivariate methods. The “Low > High frequency” GLM map revealed the expected rostro-caudal high-low-high
functional organization in SRA (Brewer and Barton, 2016; Da Costa
et al., 2015, 2011; Dick et al., 2012; Humphries et al., 2010; Saenz and
Langers, 2014; Thomas et al., 2015). The morphological, functional and
topographical organization of the human auditory cortex is highly variable (Moerel et al., 2013; Ren et al., 2021; Saenz and Langers, 2014;
Thomas et al., 2015) and both fMRI and fQSM maps displayed high intersubject and inter-hemispheric variability. Voxels selective for higher frequencies were signiﬁcantly more represented in fQSM-based maps than
in the corresponding fMRI data, leading to more balanced GLM contrast
maps. Accordingly, the pRF method yielded ﬁne-grained frequencytuning maps that were similar for fQSM and fMRI, as testiﬁed by Pearson’s correlation coeﬃcient. The smoother appearance of fMRI tonotopic maps may relate to the intrinsic blurring of the magnitude signal
due to dipole eﬀect, or to the higher noise level in fQSM. A test-retest
analysis performed by splitting the data into two halves proved the reproducibility of fQSM responses. In addition, the stability of the pRF
estimates of frequency tuning was demonstrated by performing the ﬁtting operation on a partition of the data and testing its reliability on
the remaining part. Test-retest reproducibility was lower in fQSM with
respect to fMRI and stable fQSM response was reported in a smaller
fraction of voxels, likely due to the diﬀerent sensitivity and speciﬁcity
of the two techniques. Nonetheless, the high-low-high frequency tuning
pattern was successfully retrieved. These analyses are described in the
Supplementary Materials and shown in Supplementary Figs. S7 and S8.
Multivoxel pattern analysis conﬁrmed the correspondence between
fMRI and fQSM information. For each technique, we obtained RDMs
from patterns of activation corresponding to each stimulus trial and at-
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tested their similarity via RSA. Non-metric multidimensional scaling was
employed to reduce matrix dimensionality and unveil RDMs structure.
In both cases, the trials clustered along the ﬁrst MDS dimension based on
their frequency. Hence, similarly to fMRI, fQSM captures variations in
brain activity associated with the processing of perceptual features. Unexpectedly, despite the correction for susceptibility-induced geometric
distortions, the second dimension distinguished between trials belonging to acquisition runs with opposite phase-encoding polarities, which
then left a trace in the response pattern of both techniques.
One interesting application that fQSM might ﬁnd in neuroscience
research concerns the study of cortical columnar- or layer-speciﬁc activation via sub-millimetric fMRI acquisitions, as the spatial accuracy
of activity localization would be a powerful tool in disclosing smallscale functional diﬀerentiation and architecture. However, in order to
enable such application, future studies should test whether fQSM sensitivity is suﬃcient to detect brain activity using sub-millimetric spatial
resolution and no spatial smoothing. In this case, one limitation would
be represented by the small brain coverage, which would disrupt fQSM
quantiﬁcation accuracy. In fact, QSM values are aﬀected by partial coverage of the brain, especially in slices near the boundaries (Elkady et al.,
2016; Karsa et al., 2018), even though deep learning approaches may
mitigate this issue (Zhu et al., 2021). In this study, we did not reach
whole-brain coverage but the cortical areas of interest (i.e., SRA) are
far from the borders of the acquired volume. Other factors aﬀecting susceptibility quantiﬁcation concern the choice of voxel size (Karsa et al.,
2018; Zhou et al., 2017), echo time (Biondetti et al., 2020; Cronin et al.,
2017; Lancione et al., 2019; Sood et al., 2017), and the orientation of
the subject’s head with respect to the external magnetic ﬁeld, due to the
tensorial nature of magnetic susceptibility (Li et al., 2012). However,
this does not represent a confounding factor in gray matter, as susceptibility anisotropy in the brain is mainly related to the highly ordered
microstructure of myelin sheath (Lancione et al., 2017; Li et al., 2012;
Liu et al., 2011; Wharton and Bowtell, 2015). Further studies are needed
to assess the accuracy of quantiﬁcation of dynamic variations in tissue
oxygenation obtained from fQSM.
In the current study, the use of an optimized pipeline for the processing of the phase of 2D-EPI data enabled the reconstruction of susceptibility maps devoid of phase inconsistency artifacts, reported in previous works (Balla et al., 2014; Özbay et al., 2016). The following functional processing pipeline was derived from the canonical workﬂow
for fMRI with some minor adjustments: spatial transformations were
computed on the magnitude images and then applied to susceptibility
maps and sign inversion of fQSM time series with respect to fMRI signal
was taken into account when computing statistics and when ﬁtting pRF
models.
One limitation of this study is related to the lack of a ground truth for
non-invasive in vivo brain functional mapping, as magnitude-based fMRI
only represents a surrogate of neural activation with well-known limits
concerning spatial speciﬁcity. As for the studies on the neurophysiological correlates of BOLD activations (Logothetis et al., 2001), simultaneous
recording of fQSM data and local ﬁeld potentials or multi-unit spiking
activity are needed to address this issue. Also, activations obtained from
fQSM and spin-echo (SE) fMRI should be compared, as SE-EPI are characterized by higher spatial accuracy (Yacoub et al., 2007).
While the relatively small sample size included in the current study
could be considered a limitation, the results were obtained at singlesubject level. Moreover, the high across-participants consistency of results for a wide range of analyses further corroborates the reliability of
ﬁndings.
In conclusion, fQSM produces activation maps that are complementary to those obtained from conventional fMRI, as they seem to be characterized by a higher spatial speciﬁcity, though further studies comparing fQSM activation maps to ground truth measurement are needed. Not
only have we been able to produce ﬁne-grained tonotopic maps using
univariate methods, but we also demonstrated that multivariate techniques can be applied to fQSM activity to access brain regional infor-

mation content. Importantly, because fQSM is quantitative, information
obtained at diﬀerent scanning sites may be compared, thus providing
a valuable, novel and cost-eﬀective tool for pooling together data from
diﬀerent studies, including longitudinal as well as consortium and multicentric research and clinical projects. Of note, our results indicate that
positive fQSM responses do not aﬀect the interpretation of activations or
contrasts of interest. Lastly, thanks to its higher spatial speciﬁcity, fQSM
can detect brain activity more precisely, providing ﬁner functional cerebral maps for brain surgery planning, as well as for other clinical investigations.
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