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Apparent Diffusion Coefficient fMRI
shines light on white matter resting-state
connectivity compared to BOLD

Check for updates

Inès de Riedmatten 1,2 , Arthur P. C. Spencer 1,2, Wiktor Olszowy3,4 & Ileana O. Jelescu 1,2

Resting-state functional magnetic resonance imaging (fMRI) is used to derive functional connectivity
(FC) between brain regions. Typically, blood oxygen level-dependent (BOLD) contrast is used.
However, BOLD’s reliance on neurovascular coupling poses challenges in reflecting brain activity
accurately, leading to reduced sensitivity in white matter (WM). WM BOLD signals have long been
considered physiological noise, although recent evidence shows that both stimulus-evoked and
resting-state WM BOLD signals resemble those in gray matter (GM), albeit smaller in amplitude. We
introduce apparent diffusion coefficient fMRI (ADC-fMRI) as a promising functional contrast for GM
and WM FC, capturing activity-driven neuromorphological fluctuations. Our study compares BOLD-
fMRI and ADC-fMRI FC in GM and WM, showing that ADC-fMRI mirrors BOLD-fMRI connectivity in
GM,while capturingmore robust FC inWM.ADC-fMRI displays higher average clustering andaverage
node strength in WM, and higher inter-subject similarity, compared to BOLD. Taken together, this
suggests that ADC-fMRI is a reliable tool for exploring FC that incorporates gray and white matter
nodes in a novel way.

First introduced in 1995 by Biswal et al.1, resting-state functional MRI
(rs-fMRI) historically studies the spontaneous low frequency oscillations
( < 0.1 Hz) of the Blood Oxygen Level-Dependent (BOLD) signal at
rest2,3. The coherent functional patterns observed consistently across
individuals are referred to as the Resting State Networks (RSNs), such as
the Default Mode Network (DMN), originally defined by Raichle et al.4

using PET. Typically, brain functional connectivity (FC) can be built
from temporal statistical dependence between MRI time series across
different brain regions and summarized as networks5. In this context, an
anatomical or functional parcellation forms the nodes of the network,
while a measure of FC forms the network edges ("weights” or
“connections”)6. Subsequently, the properties of FC networks can be
evaluated by computing graph theoretical metrics on brain networks.
The ability of FC to capture significant changes in normal resting-state
brain activity has clinical relevance in the context of disease or disorder7.
For instance, one promising application of rs-fMRI is as a potential aid
for preoperative surgical planning to localize the eloquent cortex, as
proposed by Zhang et al.8 for brain tumor resection. Stampacchia et al.9

also provided preliminary evidence that rs-fMRI could be used for
clinical fingerprinting, to detect individual FC alterations following
cognitive decline.

Most of the fMRI studies to date rely on the BOLD contrast, which is a
very informative yet indirectmeasure of brain activity (in this paper, “brain
activity” is understood as both neural processing in the GM and action
potential propagation in theWM). Indeed, the BOLDsignal originates from
neighboring blood vessels, not directly from neural activity, thus its area
extends beyond the site of the active neurons. In addition, the BOLD
response also has limited temporal specificity, as its onset is delayed relative
to the brain activity onset. Furthermore, it displays reduced sensitivity in the
WMregions, where BOLD low frequency oscillations, bloodflowand blood
volume are reduced by 60%1,10, 75% and 75%, respectively11. Finally, when
vasculature is impaired, such as observed in healthy aging12, brain tumors13,
multiple sclerosis14 or using pharmacological agents such as antihistaminic
or anesthesic drugs15, the BOLD response can be altered16, even when the
brain activity is not affected17.

As a result of limited sensitivity, BOLD-fMRI signal in the WM has
historically been regressed out as a nuisance variable, although there is now
compelling evidence for the contribution of neural activity to WM BOLD
signals, in both stimulus-evoked and resting-state settings11,18,19. Indeed, Li
et al.20 derived BOLD hemodynamic response functions (HRFs) in the
superficial, middle and deep WM using the Stroop test, supporting a
stimulus-induced BOLD signal change in the WM. In addition, voxel-wise
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WMactivitymapswerederivedusing a visual stimulus21.Although theGM-
GM connectivity is the most widely studied connectivity in rs-fMRI, the
GM-WM22,23 as well asWM-WMconnectivity21,24 have also gathered recent
attention, revealing reproducible GM-WM and WM-WM resting-state
networks.

The potential of using the apparent diffusion coefficient (ADC) of
water molecules as an alternative rs-fMRI contrast was first investigated in
2020 in mice16 and in 2021 in humans25. As highlighted by Darquié et al.26,
this diffusion-based contrast is sensitive to brain activity via neuromor-
phological or neuromechanical coupling, although the precise mechanism
behindADC-fMRI remains incompletely understood16. Briefly,fluctuations
in tissue microstructure resulting from brain activity influence the random
Brownian motion of water molecules, and are detected as a transient
alteration of the ADC at the voxel-level27. A decrease in ADC was thus
observed immediately after the application of a stimulus25,28,29, possibly due
to neuronal swelling. Indeed, nanometer-scale swelling of neuronal somas30,
neurites30, myelinated axons31, synaptic boutons32 and astrocytic processes33

were observed during brain activity. The cellular deformations assumed to
induce a change inADChave been shownwith optical techniques. In terms
of timescale, axonal displacement could be observed for 1 s optogenetic
stimuli in mouse brain slices31. It started shortly ( < 250ms) after the sti-
mulationonset, and lasted 1–2 s after the stimulation stopped. ForGM,Ling
et al.30 observed spike-induced single-cell neuronal deformation using high-
speed interferometric imaging, and showed that the deformation started
with a latency of less than 0.1ms latency, and lasted about 2ms for a single
action potential. A train of action potentials would be expected tomaintain
the deformation for the duration of the train, similar to the axon displace-
ment measured during sustained optogenetic stimulation. Furthermore, it
cannot be ruled out that astrocytic deformations concurrent with brain
activity also contribute to theADC-fMRI contrast, forwhich timingsmaybe
delayed34.

Since it was first proposed by Darquié et al.26, diffusion fMRI (dfMRI)
has faced criticism, including potential BOLD contamination35 and limited
sensitivity36. The non-vascular nature of the diffusion-weighted functional
signal has however been extensively documented in the literature. It was
shown in living mice that aquaporin-4 blocker (astrocyte function pertur-
bator) notably enhanced the BOLD response induced by optogenetic acti-
vation of astrocytes, while showing no impact on the dfMRI signal37.
Similarly, when rats were exposed to the neurovascular coupling inhibitor
nitroprusside (causing vasodilation and hypotension), the BOLD signal was
notably affected, while the dfMRI signalwas not38. Thesefindings suggest an
underlying mechanism for dfMRI which is independent of neurovascular
coupling. Nonetheless, under hypercapnia, which should elicit vasodilation
without changes in neural activity, the diffusion-weighted fMRI signal
up to b = 2400 s mm−2 exhibited BOLD-like fluctuations35. Indeed, the
diffusion-weighted signal demonstrates sensitivity to T2 variations

(Sðb; tÞ ¼ S0e
�TE
T2 ðtÞe�bADCðtÞ), essentially capturing the fundamental

mechanism underlying BOLD signal. ADC-fMRI can be used to overcome
this limitation by calculating an ADC time series from the diffusion-
weighted signals. The ADC is calculated from a ratio of two diffusion-
weighted signals, where the T2-weighting is largely cancelled out (Eq. (1)).

ADCðtÞ ¼ � 1
b2 � b1

ln
Sðb2; t þ δtÞ

Sðb1; tÞ

� �
ð1Þ

However, T2-weighting is not the sole vascular contribution to the dfMRI
signal that requires mitigation. During the hemodynamic response, mag-
netic susceptibility-induced background field gradients (Gs) vary around
blood vessels39. These gradients impact the diffusion-weighted signal and
the ADC by contributing to the effective b-value (Eq. (2)).

b ¼ α0G
2
D þ α1GDGsðtÞ þ α2G

2
s ðtÞ ð2Þ

To counteract this, acquisition schemes which minimize cross-terms
between diffusion gradients and background gradients, such as Twice-

Refocused Spin-Echo (TRSE), can be used instead of the traditional Pulse-
Gradient Spin-Echo (PGSE) sequence39.

Finally, the selection of the twob-values b1 andb2 forADCcalculation is
also crucial. In previous studies, b1 was often set to 0. However, applying a
small diffusion weighting instead (b1 = 200 s mm−2) suppresses most of the
contribution from fast moving spins in the blood water pool and is therefore
recommended to minimize the sensitivity of ADC functional changes to
blood volume changes in the voxel25,29,40. Indeed, diffusion mediated signals
obtained using b-values in the range 0–250 smm−2 also include blood flow in
capillaries (perfusion, also referred to as pseudo-diffusion in intra-voxel
incoherent motion contrast). When using b1 = 200 s mm−2 as a cut-off,
capillaryperfusiononaverage only accounts for 1%of themeasureddiffusion
signal41 and is considered negligible. We set b2 to 1000 s mm−2 as a com-
promise between diffusion mediated response amplitude vs SNR, as well as
staying in the Gaussian Phase Approximation regime. Using higher b-values
in the ADC calculation (in this case, b1 = 200 and b2 = 1000 s mm−2) is also
referred to as “synthetic ADC”42 or “shifted ADC” (sADC)34,43.

Taken together, these criteria provide anADC-fMRI acquisition that is
closely related to brain activity, both spatially and temporally, relying on
neuromorphological coupling rather than neurovascular coupling. Fur-
thermore, ADC-fMRI by design should be much less affected by physio-
logical noise that fluctuates on slower timescales than the TR. Indeed,
cardiac and respiratory fluctuations are expected to be largely canceled out
when taking the signal ratio of two consecutive images to calculate an ADC
(Eq. (1)), and ADC-fMRI thus to generate more reproducible results10.
Finally, ADC-fMRI could be particularly beneficial in the WM, where
BOLD-fMRI sensitivity is dramatically reduced1,11. As microstructural
changesduringbrain activity also occur at the axonal level31, the applicability
of resting-state ADC-fMRI can be extended to WM activity, as already
shown using task-fMRI44.

The aim of this study was to examine the feasibility of utilizing ADC
timecourses in rs-fMRI and to determine whether it could enable the
exploration of GM-WM andWM-WM functional connectivity better than
BOLD-fMRI. While BOLD signal is known to be stronger at higher field
strength, the ADC signal is not expected to be affected by field strength.
However, higher field strength typically results in better SNR, possibly
impacting FC. Therefore, resting-state ADC-fMRI and BOLD-fMRI were
acquired at 3T and 7T.We derived FCmatrices for ADC-fMRI and BOLD-
fMRI between GM as well as WM region-of-interests (ROIs). We studied
the FC in three connectivity domains (GM-GM,WM-WMandGM-WM).
We then used graph analysis to study the differences between the ADC-
fMRI and BOLD-fMRI networks in terms of integration and segregation,
and performed an inter-subject similarity analysis to assess the consistency
of FC patterns across subjects for each contrast. This study confirms that
ADC-fMRI mirrors the positive correlations observed in BOLD-fMRI.
While comparable average clustering and average node strengthwere found
for GM-GM connections, a higher average clustering and average node
strength forADC-fMRI inWM-WMedges suggest that it captures different
FC to BOLD in the WM. In addition, a significantly higher FC similarity
between subjects for ADC-fMRI than BOLD-fMRI in WM-WM connec-
tions suggests a higher reliability of ADC-fMRI in this brain tissue type,
demonstrating its broader applicability across the entire brain, possibly due
to reduced sensitivity to physiological noise. Taken together, these results
encourage the use of ADC-fMRI, together with careful mitigation of vas-
cular contributions, to further investigate WM functional connectivity.

Results
The analysis was performed on ADC-fMRI and BOLD-fMRI data acquired
at 3T (nADC−fMRI = 12, nBOLD−fMRI = 10), and 7T (nADC−fMRI = 10,
nBOLD−fMRI = 10), separately. ADC-fMRI was derived from alternating
b-values of 200 and 1000 s mm−2 acquired with TRSE echo-planar imaging
(EPI) sequence, following Eq. (1). BOLD-fMRI was acquired with SE-EPI.
As both field strengths led to similar results and interpretations, only the 3T
results are discussed here while the 7T results are shown in the Supple-
mentary Figs. 1–5. As the sampling period of BOLD-fMRI (1 s) is half the
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sampling period of ADC-fMRI (2 s), the results are also derived after
downsampling BOLD-fMRI to the same sampling rate as ADC-fMRI (see
Supplementary Fig. 6–10). Unless otherwise stated, BOLD-fMRI results are
similar with a sampling period of 1 s or 2 s.

Functional connectivity
FC matrices were derived for ADC-fMRI and BOLD-fMRI with Pearson’s
partial correlation between each pair of atlas ROI average timecourses,
regressingout the average timecourseof thebrain (Fig. 1A).TheFCmatrices
are transformed to z scores using Fisher transform. Significant positive and
negative FC weights within each contrast were determined with two-sided
one-sampleWilcoxon tests withmultiple comparisons correction, and split
according to their connectivity domains (GM-GM, WM-WM, GM-WM).

GM-GMconnectivity. At 3T, FCmatrices (Supplementary Fig. 11) yielded
similar positive correlations between ADC-fMRI and BOLD-fMRI, with
BOLD-fMRI displaying overall larger mean positive correlations in the GM-
GM connectivity. Regions corresponding to the DMN were typically posi-
tively correlated to each other for both ADC-fMRI and BOLD-fMRI (Fig. 2,
green edges, and Supplementary Fig. 11). The main regions of the DMN
include the medial prefrontal cortex (the superior frontal gyrus medial

segment -MSFG-, the medial frontal cortex -MFC-, the frontal pole -FRP-
and the anterior cingulate gyrus -ACgG- here), the posterior cingulate
(PCgG), the precuneus (PCu) and the lateral parietal cortex (the superior
parietal lobule here)4.We found that theACgGwas positively correlatedwith
the MFC and the MSFG, for both BOLD-fMRI and ADC-fMRI.

BOLD-fMRI displayed stronger negative correlations than ADC-
fMRI. It is known that task-positive networks (such as the dorsal attention
network -DAN-) negatively correlate with task-negative networks (such as
theDMN)45,46. Themain regions of theDAN include the intraparietal sulcus
(the supramarginal gyrus -SMG- and postcentral gyrus -PoG- here), the
frontal eye field (the MFG and precentral gyrus -PrG- here), the middle
temporal region (the middle temporal gyrus -MTG- here), as well as white
matter tracts such as the superior longitudinal fasciculus (SLF) and the
spleniumof the corpus callosum(sCC)47–49.We found that theMTGand the
superior temporal gyrus (STG) negatively correlated with the ACgG for
both BOLD-fMRI and ADC-fMRI, and that the MTG negatively correlates
with the MSFG for ADC-fMRI.

At 7T, similar positive correlations were visible in ADC-fMRI and
BOLD-fMRI (Supplementary Fig. 1). The negative correlations were greatly
attenuated in ADC-fMRI, but appeared strongly in BOLD-fMRI, especially
in the GM-GM. The negative correlations also appeared between theMTG

Fig. 1 | Methods for processing and analyzing the ADC-fMRI and BOLD-
fMRI data. A Subject-wise processing. Time series were averaged within ROIs
shared in all subjects and containing at least 10 voxels. The correlation between a pair
of ROIs was calculated using Pearson’s pairwise partial correlation with the global
signal from the whole brain slab as a covariate. A Fisher transform was then applied
to obtain the function connectivity matrix. BGroup-wise analysis. The binary mask
of significant edges was derived using two-sided one-sample Wilcoxon tests with

multiple comparisons correction (FDRBenjamini-Hochberg). It was then applied to
individual FC matrices or to the mean FC matrix. The masked individual FC
matrices were either transformed into graphs, on which graph metrics were calcu-
lated, or used to derive an inter-subject similarity index. For pairs of subjects, the
edges contained in the upper triangle (excluding self-connections) were linearized,
and a pairwise Pearson’s correlation coefficient was calculated.
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and theMSFG for ADC-fMRI, and between the STG and the ACgG/MSFG
for both ADC-fMRI and BOLD-fMRI.

GM-WM connectivity. At 3T, in ADC-fMRI, the sCC (DAN) was nega-
tively correlated with the ACgG and the MFC (DMN) (Supplementary
Fig. 11), but positively correlatedwith the PCgG and the PCu (DMN) (Fig. 2,
blue edges, and Supplementary Fig. 11). In BOLD-fMRI, the sCC was also
positively correlated with the PCgG. Although non-significant, the correla-
tions sCC-MFC and sCC-PCu of BOLD-fMRI had the same polarity. In
ADC-fMRI, the SLF (DAN) negatively correlated with the FRP and the
MSFG (DMN). Although non-significant, the correlations SLF-FRP and
SLF-MSFG of BOLD-fMRI had the same polarity. Both ADC-fMRI and
BOLD-fMRI showed anti-correlations between the SLF and the MFC. The
SLF was also positively correlated with the PCu (DMN) in ADC-fMRI (as

well as in BOLD-fMRI, although non-significant). Consistent with Ding et
al.22, the tapetum (TAP) was negatively correlated with theMSFG in BOLD-
fMRI, while the anterior corona radiata (ACR) was positively correlated with
the ACgG in both contrasts. It should be noted that the mean of significant
GM-WM FC weights was significantly larger (p = 0.0336) with the down-
sampled BOLD-fMRI than ADC-fMRI (Fig. 3A vs Supplementary Fig. 8A)

At 7T, the genu of the corpus callosum (gCC) and the ACR were
positively correlated with the ACgG in both contrasts (Supplementary
Fig. 1). Finally, the cingulum (hippocampus) (CgH) was negatively corre-
lated with the triangular part of inferior frontal gyrus (TrIFG) in
BOLD-fMRI.

WM-WM connectivity. At 3T, in both contrasts, the gCC was positively
correlatedwith theACR (Fig. 2, red edges, and Supplementary Fig. 11). In

Fig. 2 |Mean FC of significant positive edges. A BOLD-fMRI (n = 10) andBADC-
fMRI (n = 12), visualized using Circos106. The graymatter andwhite matter ROIs are
indicated by dark and light bars, respectively. GM-GM, GM-WM and WM-WM

edges are depicted with green, blue and red lines, respectively. The ROIs are divided
according to the right (R) and left (L) hemisphere. The thickness of the lines
represents the FC strength.

Fig. 3 | Significant positive and negative group-
averaged functional connections. The group-
averaged correlations are split by tissue type (GM-
GM, WM-WM, and GM-WM connectivity). Each
dot corresponds to a significant edge of the FC,
averaged across subjects. A Positive correlations,
B negative correlations. The number of significant
edges per functional contrast is indicated on the
x-axis label. No negative correlations were found for
BOLD-fMRI WM-WM. A box-and-whisker plot is
shown within each violin plot, with a white dot for
the median. Two-sided Mann-Whitney-Wilcoxon
tests with Bonferroni correction are performed.
*0.01 < p ≤ 0.05; **0.001 < p ≤ 0.01;
***0.0001 < p ≤ 0.001; ****p ≤ 0.0001.

A B
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addition, the posterior thalamic radiation (PTR)was positively correlated
with the SLF. The median FC strength decreased from 0.30 to 0.17 (43%)
and 0.19 to 0.15 (21%) betweenGM-GMandWM-WM, for BOLD-fMRI
and ADC-fMRI, respectively (Fig. 3).

At 7T, the same association between gCC and ACR was found (Sup-
plementary Fig. 1). With ADC-fMRI, positive FC between the external
capsule (EC) and the anterior/posterior limb of the internal capsule (ALIC/
PLIC) andbetween the fornix (cres)/stria terminalis (FX/ST) and the sagittal
stratum (SS) were also found. Themedian FC strength decreased from 0.38
to 0.20 (47%) and 0.28 to 0.24 (14%) between GM-GM andWM-WM, for
BOLD-fMRI and ADC-fMRI, respectively (Supplementary Fig. 3).

ADC vs BOLD connectivity strength. To further check the congruence
between ADC-fMRI and BOLD-fMRI, we compared the connectivity
strength of ADC-fMRI edges with the corresponding BOLD-fMRI edges,
as proposed by Olszowy et al.25, but this time extending the analysis to
GM-WM and WM-WM edges (Fig. 4).

For the positive functional connections, the linear fit between ADC-
fMRI and BOLD-fMRI had a slope of 0.74 and aR2 of 0.62. For the negative
functional connections, the fit had a slope of 0.18 but a R2 of 0.06. The
comparison of connectivity strength between ADC-fMRI and BOLD-fMRI
without GSR can be found in Supplementary Fig. 12. Without GSR, the
excellent agreement between ADC-fMRI and BOLD-fMRI positive FC
remained, while the disagreement in negative FC was not possible to assess
anymore due to a near absence of negative edges.

The same analysis was conducted at 7T with similar results (Supple-
mentary Fig. 2).

To gain more specific insight into the distribution of positive
and negative FC in the GM-GM, WM-WM and GM-WM
connectivity, we further segmented the data based on these specific
domains (Fig. 3).

At 3T, positive FCwas indeed significantly stronger (p < 0.0001) for
BOLD-fMRI than for ADC-fMRI in the GM-GM, supporting the visual
inspection (Fig. 3A). In WM-WM and in GM-WM, no differences were
found in positive connections between the two contrasts. For the
negative connections, they were significantly attenuated in ADC-fMRI
in the GM-GM (p < 0.0001) and GM-WM (p = 0.0288) (Fig. 3B), but no
anti-correlations were found for BOLD-fMRI in the WM-WM. Com-
parison of BOLD to ADC connectivity strength per domain and without

GSR can be found in Supplementary Fig. 13. Without GSR, the results in
positive GM-GM FC in Fig. 3A were preserved, while negative FC could
not be evaluated as negative edges were almost non-existent.

At 7T, similar results are found, except that the WM-WM
positive connections were significantly greater (p = 0.0225) for ADC-
fMRI vs BOLD-fMRI (Supplementary Fig. 3A) and the negative edges
were not significantly attenuated in the GM-WM anymore (Supple-
mentary Fig. 3B).

At both field strengths, the number of significant positive and negative
edges detected with ADC-fMRI was larger than with BOLD-fMRI.

Graph Analysis
Following the analysis of individual FC edges, we then studied the networks
formed by the significant positive GM-GM andWM-WM edges of the FC
matrices (Fig. 1B). Weighted metrics (average node strength, average
clustering and global efficiency) were computed and compared between the
two contrasts.

At 3T, in the GM-GM, the average clustering and average node
strength were similar between ADC-fMRI and BOLD-fMRI (Fig. 5A).
They were however significantly larger (p = 0.0003 for average clus-
tering, p = 0.0007 for average node strength) for ADC-fMRI than
BOLD-fMRI for networks built on WM-WM connectivity (Fig. 5B).
The global efficiency was significantly larger for ADC-fMRI in both
the GM-GM (p = 0.0041) and WM-WM (p < 0.0001) connectivity.
Graph analysis results without GSR can be found in Supplementary
Fig. 14. They showed similar results, except that the global efficiency
was not significantly different between BOLD-fMRI and ADC-fMRI
in either connectivity domain.

At 7T, the average node strength and global efficiency were similar
in the GM-GM (Supplementary Fig. 4A), but became significantly larger
(p = 0.0173 for average node strength, p = 0.0173 for global efficiency) in
ADC-fMRI in the WM-WM (Supplementary Fig. 4B). The average
clustering was significantly larger (p = 0.0376) in BOLD-fMRI in the
GM-GM, but significantly larger (p = 0.0010) in ADC-fMRI in the
WM-WM.

A   GM-GM

B   WM-WM

Fig. 5 | Subject-wise weighted graph metrics. Graph metrics of BOLD-fMRI
(n = 10) and ADC-fMRI (n = 12), based on (A) GM-GM connectivity, or (B) WM-
WM connectivity. A box-and-whisker plot is shown within each violin plot, with a
white dot for the median. Two-sided Mann-Whitney-Wilcoxon tests with Bonfer-
roni correction were performed. *0.01 < p ≤ 0.05; **0.001 < p ≤ 0.01;
***0.0001 < p ≤ 0.001; ****p ≤ 0.0001.

Fig. 4 | ADC-to-BOLD agreement of mean FC strength, between
corresponding edges. The solid line fits the positive correlations, while the dotted
line fits the negative correlations. The dashed line represents a perfect agreement
(identity line). Functional connectivity strength is defined as Fisher-transformed
Pearson’s correlation coefficient. There is excellent agreement between ADC-fMRI
and BOLD-fMRI positive FC, while BOLD-fMRI negative FC is largely suppressed
in ADC-fMRI.
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Inter-subject similarity
Finally, we assessed the consistency of FC patterns across subjects by
computing inter-subject similarity matrices (Pearson correlations between
the significant edges, excluding self-connections, Fig. 1B) for both ADC-
fMRI and BOLD-fMRI data, in the different connectivity domains (Fig. 6).

At 3T, the consistency across subjects (measured as pairwise Pearson
correlation of the vectorized FCmatrices) was larger for ADC-fMRI (mean
0.70, 95% CI [0.68, 0.72]) than for BOLD-fMRI (0.38 [0.31, 0.44]) in the
WM-WM. Note that the number of significant edges Ne used to calculate
the pairwise correlation between two subjects was systematically larger for
ADC-fMRI than BOLD-fMRI. A similar analysis was therefore performed
on all edges (Ne = 210 in both contrasts) to ensure that the significant
difference in theWM-WMinter-subject similarity betweenADC-fMRI and
BOLD-fMRI was not biased by the small sample size (Supplementary
Fig. 15). In this case, the ADC-fMRI inter-subject similarity was still larger
(0.52 [0.50, 0.55]) than the BOLD-fMRI similarity (0.42 [0.38, 0.47]). We
also reported the inter-subject similarity inWM-WM for the downsampled
BOLD-fMRI (0.56, CI [0.51, 0.60]) (Supplementary Fig. 10A).

At 7T, the inter-subject similarity was larger for ADC-fMRI than for
BOLD-fMRI in all the connectivity regions (Supplementary Fig. 5). Con-
sistentwith the 3Tfindings, themeanWM-WMinter-subject similaritywas
0.67 [0.64, 0.70] for ADC-fMRI, but 0.24 [0.18, 0.31] for BOLD-fMRI. The
inter-subject similarity in WM-WM for the downsampled BOLD-fMRI is
0.20 [0.13, 0.27] (Supplementary Fig. 10B).

Discussion
Functional MRI studies extending beyond GM to map WM activity have
been gaining substantial interest11,18,19. Although resting-state FC that
includes both gray and white matter regions has been occasionally studied
using BOLD-fMRI22–24, this work is the first to assess ADC-fMRI resting-
state FC in gray and white matter, and compare it to its BOLD-fMRI
counterpart. We found that the positive FC was extremely well preserved
between ADC-fMRI and BOLD-fMRI, while negative FC was heavily
attenuated in ADC-fMRI. We further reported a higher number of sig-
nificant edges in ADC-fMRI vs BOLD-fMRI, across connectivity regions
(GM-GM, GM-WM, WM-WM). Weighted graph metrics revealed sig-
nificantly larger average node strength, average clustering and global effi-
ciency for ADC-fMRI than BOLD-fMRI in theWM-WMdomain, while in
the GM-GM domain, only global efficiency was higher with ADC-fMRI vs
BOLD-fMRI. Finally, the inter-subject similarity was also larger in ADC-

fMRI vs BOLD-fMRI in WM-WM, suggesting a higher reproducibility of
ADC-fMRI FC in that domain.

ADC-fMRI and BOLD-fMRI positive FC mirrored each other, both
with their mean FC strength (as previously noted in Olszowy et al.25) and
their weighted graph metrics (average node strength and clustering).
Overall, positive FC was larger in BOLD-fMRI than ADC-fMRI, due to its
higher CNR, particularly in GM. We further extended this analysis to
individual edges and found that the DMN stood out, as expected during a
resting state acquisition. Forming the anterior DMN, the ACgG, theMSFG
and the FRP have high FC to each other50. Moreover, positive FC was also
found between the ACgG and the MFC51. Together, these established
connections provide additional assurance of the high correspondence of
positive functional connections between ADC-fMRI and BOLD-fMRI
positive FC, and confirm that ADC-fMRI is a reliable tool to decipher
resting-state connectivity in the GM.

Conversely, negative correlations aremore difficult to interpret. In this
work, we found negative FC between the MTG and the MSFG/ACgG for
BOLD-fMRI, as previously described in a similar analysis also performed
with GSR52. In addition, we observed BOLD negative correlations between
the sCC and the ACgG/MFC, between the TAP and the MSFG, as well as
between theCgHand theTrIFG, as reported in a study not usingGSR22.We
also found these negative correlations in ADC-fMRI, indicating that both
neurovascular and neuromorphological contrasts are sensitive to these
negative correlations and that the latter may have a physiological sig-
nificance. Commonly reportednegative correlations are between antagonist
resting-state networks such as the DMN and the DAN45,46.

However, in our analysis, almost all negative correlations disappeared
when performed without GSR. Earlier studies showed that negative corre-
lations could be mainly GSR-driven53,54, introducing artefactual negative
correlations, while other studies showed GSR to improve FC specificity
when used with care52,55–57, despite only partially removing “physiological
connectivity”58. Another explanation could be that, in the same way the
global signal fluctuations mask established neuronal associations concern-
ing positive correlations, they could also obscure negative correlations in
BOLD-fMRI FC52. More and more studies are reporting their results with
and without GSR, finding negative correlations in both cases57,59. In this
work, they were largely absent or attenuated in ADC-fMRI in spite of an
analysis pipeline identical to BOLD-fMRI, including GSR. If GSR was
inducing negative correlations, we would expect it to cause similar changes
to both ADC-fMRI and BOLD-fMRI. In particular, in Ding et al.22, the
analysis was performed without GSR, which suggests that the mentioned
anti-correlations are not necessarily artifactual.

While the larger positive FC of BOLD could be explained by larger
CNR, the preferential attenuation of anti-correlations in ADC-fMRI vs
BOLD-fMRI is beyondwhatwouldbe expected fromCNRdifferences in the
positive case. Nor can it be explained by the different temporal resolution of
the twocontrasts, as the results still holdwhenBOLD-fMRI is downsampled
to the same sampling rate as ADC-fMRI. This suggests that while some
BOLD-fMRI negative correlations may be related to brain activity, some
may also be purely driven by vasculature or physiological noise. Adding to
this, in theWM,where the vasculature is largely reduced, no significant anti-
correlations were found for BOLD-fMRI. Bianciardi et al.46 supported this
hypothesis by reporting that blood volume changes may also induce
negative correlations, especially in periventricular regions, as well as sulcal
areas next to large pial veins. Anti-correlations can however also be caused
by noise sources such as motion or physiological variations.

Initially thought to be driven by physiological noise, the BOLD-fMRI
WM signal is increasingly recognized as consisting of hemodynamic
changes reflecting neural activity in theWMor in neighboringGM regions,
although with reduced sensitivity11,18,19. Thus, a concern with GM-WM and
WM-WM connectivity is that it may be contaminated by GM signal via
partial volume effect at the tissue boundary. Even though partial volume
effect at the tissue interface is unavoidable, it will contribute in a similar way
to BOLD-fMRI and ADC-fMRI, since their spatial resolution, the parcel-
lation used, and the registration process are the same. In addition, GMROIs

Fig. 6 | Inter-subject FC similarity of the significant edges. The inter-subject FC
similarity is calculated as the pairwise Pearson correlation of the vectorized FC
matrices. Each similarity matrix has a size Nsubjects x Nsubjects, with NBOLD−fMRI = 10
and NADC−fMRI = 12. The mean Pearson’s correlation coefficient of the similarity
matrix and the 95%CI are depicted in the subtitles. Ne corresponds to the number of
FC significant edges on which the Pearson’s correlation coefficients are calculated.
The GM-GM, WM-WM and GM-WM connectivity were considered separately.
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are gyrified, so we would actually expect GM-GM to be more affected by
partial volume with subcortical WM than GM-WM orWM-WMwhich is
computed on JHU ROIs in the deep WM (mostly disjoint from cortical
GM). In this work, we compared for the first time BOLD-fMRI and ADC-
fMRI derived GM-WM and WM-WM connectivity.

Few studies have considered GM-WM connectivity. Ding et al.22

reported positive and negative BOLD-fMRI GM-WM correlations at 3T.
Remarkably, our study revealed similar positive and negative BOLD-fMRI
correlations to Ding et al.22, Wakana et al.60, Karababa et al.61 at 3T (but also
at 7T), which strengthens the viability of BOLD-fMRI to study ROI-based
GM-WM connectivity. Moreover, most of the BOLD-derived GM-WM
connectivity patterns were also found using ADC-fMRI. This suggests that
ADC-fMRI is also a suitable tool to detect positive and negative FC in the
GM-WM edges.

Li et al.20 derived BOLD HRFs for superficial, middle and deep WM.
They found that the BOLD HRF corresponding to superficial WM was
similar to the BOLD GM HRF, possibly allowing correlation analysis
between WM and GM timecourses. However, they reported that middle
and deepWMHRFs could display an additional delay to peak, possibly due
to the different nature and distance of the blood vessels20. Taken together,
the heterogeneity of theWMHRFs, if confirmed, could bring an additional
challenge to deriving GM-WM functional connectivity. We hypothesize
that BOLD-derived WM-GM FC analysis will be mostly sensitive to the
superficial WM.

Similarly to GM-WM, WM-WM connectivity has been scarcely
studied24. In BOLD-fMRI, themagnitude is larger than inADC-fMRI for
both positive and negative FC, whereas inWM, themagnitude is smaller
for both positive and negative FC. A possible explanation is that some of
the BOLD negative correlations are purely vascular in origin (spurious
signals). In the GM-GM connectivity, where the vasculature is dense,
BOLD-fMRI has higher positive FC (possibly related to higher CNR)
and higher negative FC (some of which may be spurious vascular sig-
nals). In theWM-WM, the vasculature is sparse, resulting in reduced low
frequency oscillations, blood flow and blood volume1,11, and therefore
reduced BOLD CNR. The positive FC in WM-WM (following brain
activity) is still detected, albeit with lower amplitudes, but the negative
FC in WM-WM is no longer detectable with BOLD-fMRI, possibly as a
consequence of both the reduced CNR and the reduced sensitivity of this
tissue to spurious vascular signals. As the SNR difference between GM
and WM within contrasts is reasonably comparable, and the SNR is
systematically larger in BOLD-fMRI than in diffusion-weighted time
series (Supplementary Table 1), we do not expect it to be the cause of the
observed difference. On the other hand, ADC functional contrast is
assumed to be driven by neuromorphological coupling (or glia-
morphology coupling) and thus has the potential to sustain similar
CNR levels in WM-WM vs GM-GM FC.

Further looking into the graph metrics analysis, we found larger
average clustering coefficients and average node strength in ADC-fMRI
than in BOLD-fMRI in the WM-WM connectivity, suggesting the two
functional contrasts capture different connectivity aspects in the WM.
Global efficiency was larger in ADC-fMRI than in BOLD-fMRI in both
WM-WM and GM-GM at 3T, but particularly in the WM-WM. Differ-
ences in graphmetrics may be driven by ADC-fMRI robustness to vascular
signal, and therefore possibly to physiological noise in the GM-GM, and by
decreased BOLD-fMRI sensitivity in the WM-WM. Taken together, the
ADC-fMRI network metrics reflected both better integration and segrega-
tion in the WM than BOLD-fMRI.

Because GSR can impact FC values by shifting them towards more
negative values, it can ultimately impact network metric calculations.
Indeed, the networks onwhich themetrics were calculated ignored negative
FC values. This selection of positive FC edges may affect the BOLD-fMRI
and ADC-fMRI graph metrics differently due to different distributions of
positive and negative correlations. Therefore, we compared graph metrics
derived from ADC-fMRI vs BOLD-fMRI FC also without GSR, but found
similar results, as also observed in Li et al.24. This suggests that the graph

metric differences between the two functional contrasts are not driven by
GSR-induced biases.

Remarkably, our data also showed that ADC-fMRI has a higher
between-subject similarity thanBOLD-fMRI in theWM-WMconnectivity,
although SE BOLD has higher inter-subject similarity than GE BOLD62.
This suggests that ADC-fMRI is more consistent across subjects, possibly
due to the suppressionof the vascular signal andattenuationof physiological
noise thanks to the “self-normalization” inherent to the ADC calculation
from two consecutive diffusion-weighted images. It cancels out not only T2-
weighting but also fluctuations slower than the TR, due to respiratory and
cardiacmotion, for example. In terms of thermal noise, BOLD-fMRI SNR is
systematically larger than the SNR from the diffusion-weighted time series,
in both GM andWM (Supplementary Table 1). Therefore, low BOLD SNR
in the WM cannot explain the observed lower WM-WM inter-subject
similarity for BOLD-fMRI than for ADC-fMRI. Furthermore, for GM-GM
connectivity, the FC matrices and between-subject similarity are compar-
able betweenBOLD-fMRI andADC-fMRI. In a comparable context of SNR
differences between GM and WM within contrast, the between-subject
similarity is therefore higher for ADC-fMRI than for BOLD-fMRI.

We also investigated the potential effect of BOLD-fMRI higher tem-
poral resolution. Because the WM-WM inter-subject similarity is still sig-
nificantly smaller than ADC-fMRI WM-WM at 3T (Supplementary
Fig. 10A) and at 7T (Supplementary Fig. 10B), we concluded that the
temporal resolution is not the cause of this difference. Alternatively, the
lower BOLD-fMRI inter-subject similarity could reflect the fact that BOLD-
fMRI is more sensitive to inter-subject differences and is able to detect
individual fingerprinting63. The latter is however more unlikely, as the
BOLD-fMRI similarity coefficients are high in edges other thanWM-WM.

Taken together, ADC-fMRI revealed consistent patterns ofWM-WM
connectivity, making it a useful tool for investigating WM functional con-
nectivity. Despite the limitation of acquiring only one diffusion encoding
direction, thus optimizing the sensitivity to axonal swelling perpendicular to
this direction and limiting the sensitivity to axons with other directions, the
WM-WM results are encouraging. They should be further improved by
using isotropic diffusion encoding, to sensitize the ADC contrast to axon
bundles independent of their orientation.

As mentioned in the Introduction, the underlying mechanism of the
ADC-fMRI contrast is debated. While its advocates support the consensus
that ADC fluctuations are driven by activity-induced neuromorphological
changes, its critics claim that this contrast is either contaminated by the
hemodynamic response or driven by morphological changes induced by
vascular dilation64,65. In this work, we have shown that ADC-fMRI does not
mimic BOLD, but is indeed a separate contrast. Notably, negative FC pat-
terns were distinct between ADC-fMRI and BOLD-fMRI, negative corre-
lations being highly attenuated in ADC-fMRI. In addition, the WM
connectivity captured by both contrasts was significantly different, both in
terms of graph metrics, but also in terms of consistency across subjects.
While ADC-fMRI WM-WM connectivity was consistent across subjects,
BOLD-fMRI WM-WM connectivity varied much more. Thanks to the
mitigation techniques implemented in this study, ADC-fMRI ismuchmore
robust to vascular contributions. The higher number of significant edges
found in ADC-fMRI across connectivity regions (GM-GM, GM-WM,
WM-WM) could also stem from robustness against vascular signals. At 3T,
the higher number of subjects for ADC-fMRI (n = 12) than BOLD-fMRI
(n = 10), probably also increased the number of significant edges found in
ADC-fMRI. However at 7T, despite the same sample size (n = 10), ADC-
fMRI still detected more significant edges than BOLD-fMRI in all con-
nectivity regions.

Our results were therefore in line with previous studies that aimed to
untangle neuromorphological from vascular effects, using targeted
inhibition of key physiological processes following brain activity. Dis-
rupting the hemodynamic response, aquaporin-4 blocker37 and
nitroprusside38 were used in mice and rats, respectively. In both cases, the
BOLD response was notably affected while the ADC was not. Regarding
neuromorphological effects, cell swelling induced via hypotonic solution
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or ouabain was shown to decrease ADC at the tissue level66, albeit outside
of physiological ranges. Conversely, Abe et al.43 showed that the ADC
increased under the effect of the neural swelling blocker furosemide
during anesthesia while the local field potentials remained unaffected.
Our results provided additional support for the non-vascular origins of
ADC changes during brain activity. Preclinical studies suggested these
changes could be driven by fluctuations in cell shapes and sizes, as ADC
is so sensitive to the microstructure layout67. Other mechanisms cannot
however be entirely ruled out.

By paralleling the analysis at 3T and 7T, we wanted to verify the
influence of the field strength on each of the two functional contrasts. The
magnitude of the BOLD signal is known to scale with field strength68,69,
whereas we hypothesized that the magnitude of the ADC response should
be independent of field strength, if stemming from neuromorphological
coupling.However, field strength dependencies are complex and affect each
functional contrast in multiple ways. For example, the SNR and the ratio of
physiological to thermal noise increasewithfield strength69. In addition, due
to the shortening of bloodT2with increasingfield strength, theBOLDsignal
contains less direct intravascular component, and therefore has increased
spatial specificity. In contrast, ADC-fMRI timecourses are less sensitive to
vascular contributions but ADCFC analysis could benefit from higher SNR
at higher field. However, mitigating vascular contributions to the ADC
timecourse may be more difficult at 7T due to increased magnetic
susceptibility25. In the context of rs-fMRI, our results were similar at 3T and
7T, but the dependence of ADC-fMRI on field strength may become
apparent in task-fMRI.

The small sample size is one of the main limitations of this study. It
diminished the statistical power of the analyses, highlighting the need for
future studies with larger sample sizes. In addition, to optimize spatial
and temporal resolution, only a section of the brain was scanned (a
partial coverage which was further reduced when coregistering subjects
to a common space due to slight variations in slab positioning), which
limited the extent of functional connectivity that could be examined
across the brain. Furthermore, the use of atlas-based ROIs rather than
participant-based segmentation for GM and WM could introduce
additional uncertainty at the boundary between GM andWM and add to
the partial volume effect. However, this is affecting BOLD-fMRI and
ADC-fMRI similarly, as they share the same spatial resolution. In
addition, the use of two b-values to calculate one ADC-fMRI time point
resulted in a lower temporal resolution (2 s) for ADC-fMRI, possibly
leading to the aliasing of faster physiological processes, whether related to
brain activity or to other signals such as respiration and heart signal70.
Also, DW-TRSE-EPI used in this study was only acquired with one
diffusion encoding direction. This possibly yields an inhomogeneous
sensitivity to neuromorphological changes across the brain, depending
on the angle between the main fibers at each location and the diffusion
encoding direction, with higher sensitivity for fibers perpendicular to that
direction and lower for fibers parallel to that direction44,71. Note that, as
GM is much less organized than WM, we expect this limitation to only
affect the WM activity detection. Lastly, even though the use of SE-EPI
rather than GE EPI sequence enabled a fairer comparison with the DW-
TRSE sequence, SE BOLD exhibits less sensitivity than GE BOLD, pos-
sibly missing some of the resting-state BOLD characteristics described in
the literature. However, SE BOLD has been previously shown to give very
similar results to GE for rs-fMRI analyses62.

To overcome the partial brain coverage, additional acceleration in
diffusionMRI acquisition needs to be introduced to acquire a large number
of slices within a short TR, possibly using novel undersampling strategies72.
This would enable a more comprehensive comparison of GM-WM corre-
lations as presented in Ding et al.22, as well as WM-WM. In addition, the
temporal resolution could be increased by using a sliding window to cal-
culate an ADC at each TR, although this is expected to introduce temporal
auto-correlations and may not yield more informative ADC timecourses.
Another option would be to keep analyzing the diffusion-weighted signal
timecourse (froma single b-value, insteadof theADC), bearing inmind that

there will be BOLD/T2 contribution to the DW signal in the GM, but
considering that contribution to beminimal inWM. This would double the
temporal resolution and enable the observation of faster processes. Cardiac
and respiratory signals could also be recorded to directly track the physio-
logical contribution to the BOLD-fMRI and ADC-fMRI signals. None-
theless, it ismost valuable to develop a functional contrast that is suitable for
both GM andWM tissues. Furthermore, in our experience with task fMRI,
the ADC timecourse superseded the DW signal timecourse in detecting
WM activity71. The value of ADC vs DW signal timecourses for WM
resting-state connectivitymay however be studied further in futurework. In
future studies, isotropic diffusion encoding will be used to sensitize ADC-
fMRI to fibers nomatter their orientation71. While it could be interesting to
investigate anisotropic diffusion effects linked to action potential propaga-
tion ("DTI fMRI”), earlier works that have looked at directional dependency
of the ADC response reported maximal response perpendicularly to fibers
and weak to absent change along fibers44,73,74. Simulations in realistic WM
substrates have also shown much reduced sensitivity along axons vs
transversally71. Furthermore, the low temporal resolution of a DTI fMRI
experiment is for now dissuasive for resting-state fMRI. However, ADC-
fMRIFCcouldbeused in combinationwith structural tractographyas away
to track brain activity along white matter fibers, up to the cortical areas.
Lastly, since the ADC response is linked to microstructural changes that
occur on a much faster timescale than the BOLD hemodynamic response,
the advent of faster MRI techniques in combination with ADC-fMRI may
allow the observation of such faster processes.

This study indicates that ADC-fMRI is a promising tool for resting-
state analysis. It retained comparable positive correlations toBOLD-fMRI in
the GM. Most interestingly, ADC-fMRI showed clearly distinct functional
contrast from neurovascular coupling, notably via largely reduced anti-
correlations in the GM. Furthermore, larger average clustering coefficients,
average node strength and global efficiency in theWM-WMconnectivity as
compared to BOLD-fMRI, combinedwith higher inter-subject similarity in
theWM-WM, suggest thatADC-fMRIhas a high sensitivity and robustness
to WM functional connectivity. In the future, it holds great potential for
elucidating WM functional connectivity as an alternative to BOLD-fMRI.
Future work will use an isotropic diffusion encoding to sensitize the ADC-
fMRI in all directions, thus preventing bias towards fibers perpendicular to
the diffusion encoding direction.

Methods
Data acquisition
The study was approved by the Ethics Committee of the Canton of Vaud
(CER-Vaud) and the dataset was previously reported on in Olszowy et al.25.
Twenty-two subjects (7 males, age 25 ± 5) were scanned after giving their
informed written consent. All ethical regulations relevant to human
research participants were followed. Siemens Prisma 3T and Siemens
Magnetom 7T scanners (Siemens, Erlangen, Germany), equipped with
80mTm−1 gradients, were used to acquire the data. A 64-channel and a 32-
channel receiver head coils were used at 3T and 7T, respectively. Subjects
were scanned at 3T and 7T in order to examine any potential field strength
dependency of the ADC-fMRI functional contrast, as compared to
BOLD-fMRI.

For anatomical reference and atlas registration, a whole brain 1mm
isotropic T1-weighted image was acquired using a MP-RAGE sequence
(matrix size: 224 x 240 x 256).

We used a DW-TRSE-EPI sequence for ADC-fMRI and a SE-EPI
sequence for BOLD-fMRI. As briefly mentioned in the Introduction, the
TRSE sequence was chosen to minimize cross-terms with background
field gradients. It should benoted that the cross-termsuppression assumes
constant background field gradients75. In fMRI, the background field
gradients due to blood susceptibility changes are not constant, but can be
considered to be slowly varying on the timescale of the diffusion encoding.
In this context, the effect of cross-terms in the diffusion weighting is thus
not suppressed, but nonetheless attenuated by the use of bipolar gradient
TRSE design. SE BOLD was employed instead of the conventional
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gradient echo (GE) BOLD to allow for a more comparable design to DW-
TRSE-EPI. Indeed, any residual BOLD contribution to the ADC-fMRI
timecourses would be more similar in origin to the SE BOLD contrast.
Note that, despite reduced sensitivity, the use of SE instead of GE for
BOLD largely cancels out contributions from extravascular water around
macrovasculature, increasing BOLD spatial specificity to capillaries62,76–78.
However, one cannot assume that themacrovascular effect has completely
disappeared. During the long echo train, only the echo at TE is perfectly
refocused. This introduces some additional T�

2 weighting in the MR sig-
nals, which results in a larger relative signal change (ΔS/S) during func-
tional activation than expected with a pure T2-weighted SE BOLD79,80.
Despite its reduced sensitivity, SE BOLD was shown to result in com-
parable FC maps to GE BOLD at 3T62, and to yield typical resting-state
networks at 7T81, thus demonstrating the validity of using SE BOLD
contrast for rs-fMRI.

For rs-fMRI runs, participantswere instructed tofixate on a cross in the
center of a screen and to relax. Two rs-fMRI scanning protocols were used:
(1) 2Dmulti-slice SE-EPI (T2-BOLD contrast) and (2) 2Dmulti-slice DW-
TRSE-EPI with alternating pairs of b-values 200 and 1000 s mm−2. Acqui-
sition parameters common to both protocols were: TE: 73ms (3T) or 65ms
(7T), TR: 1 s, matrix size: 116 x 116, 2mm in-plane resolution, 16 x 2mm
slices, in-plane GRAPPA acceleration factor 282, partial Fourier 3/4, simul-
taneous multi-slice (multiband) factor 283,84, 600 volumes for a scan time of
10min. The pairs of alternating b-values in the DW-TRSE-EPI sequence
were combined to give a resulting ADC-fMRI time series with a sampling
period of 2 s. The BOLD-fMRI results presented in this paper were calcu-
lated from time series with a TR of 1 s but this higher temporal resolution
may affect the comparison between BOLD-fMRI and ADC-fMRI. There-
fore, the potential effect of the different temporal resolution on the results
was investigated by deriving the results on BOLD-fMRI time series down-
sampled to a sampling period of 2 s, keeping every other time point (see
Supplementary Figs. 6–10), and comparing them with the results presented
in this paper. The multi-band accelerated EPI sequences (http://www.cmrr.
umn.edu/multiband/) were provided by the Center forMagnetic Resonance
Research (CMRR) at the University of Minnesota85. The main acquisition
parameters are summarized in Supplementary Table 2.

The relatively short TR used to achieve reasonably high temporal
resolution only enabled partial brain coverage (32mm thick slab). The
imaging slab (Supplementary Fig. 16) was placed to encompass part of the
DMN, including the prefrontal cortex and the posterior cingulate cortex4,25.
A few EPI volumes (N = 4) with opposite phase encoding direction were
acquired for susceptibility distortion correction.

Data processing
The data were processed as described in Olszowy et al.25. (1) Slices at the
extremities of the slab were excluded from the analysis due to inflow
contributions78. (2) The volume outliers were automatically detected (signal
dropouts) and replacedwith linearly interpolated signals. For a timepoint to
be considered as an outlier, the linearly detrended average brain signal
should deviate by more than 1% (3T) or 3% (7T) from the median of the
detrended signal time series. This step aims to discard volume outliers that
are due to drastic events (mainly motion). Thresholds were experimentally
set to detect these extreme outliers at each field strength. Despite different
expected fluctuation amplitudes between BOLD-fMRI and ADC-fMRI, a
whole brain fluctuation larger than 1% or 3% is a very large global effect in
both cases. If the proportion of outlier time points exceeded 20%, the entire
run was excluded from the analysis. For ADC-fMRI, this processing was
carried out separately on b1 and b2 time series. The fraction of outliers did
not exceed 5% in most of the cases. (3) MP-PCA denoising with a sliding
window kernel of 5 x 5 x 5 voxels was applied on the data to boost the
tSNR86–88. For ADC-fMRI, it was conducted separately on the two b-values.
The residuals were checked for Gaussianity, confirming that the denoising
did not alter data distribution properties. (4) Gibbs ringing correction was
applied89. (5) Susceptibility distortions90 were corrected with FSL topup,

using the settings from Alfaro-Almagro et al.91. (6) Motion artifacts were
corrected with SPM92. For ADC-fMRI, motion correction was performed
separately on b1 and b2 time series, followed by alignment of the two series
using ANTs rigid transformation93. (7) For ADC-fMRI, ADC time series
were obtained following Eq. (1). No spatial smoothing was used. (8) Inde-
pendent component analysis (ICA) in FSL MELODIC94 with high-pass
temporal filtering (f > 0.01 Hz) and 40 independent components was used
to manually identify and remove structural noise (such as motion or phy-
siological noise) components87,95. (9) Average BOLD-fMRI and ADC-fMRI
timecourses were calculated in each ROI in native space using atlas-defined
ROIs, described below (Fig. 1A).

Atlas registration
Brain extraction was performed using ANTs on the T1-weighted volume
before registration to the Montreal Neurological Institute (MNI) 1 mm
isotropic template using symmetric normalization with ANTs. Using
rigid transformation with ANTs, the average volume of each functional
run was registered to the T1-weighted anatomical volume. The quality of
the partial brain data registration (EPI onto T1w) was visually inspected
in three planes (axial, sagittal, coronal) and considered to be good. For
ADC-fMRI, the average functional volume was calculated on the b1 =
200 s mm−2 volumes only. The brain segmentation atlas was transformed
to the subject’s space using the inverse of the two previous transforma-
tions (MNI → T1 → functional volume). The atlas used was a combi-
nation of the 1.5 mm isotropic Neuromorphometrics (NMM) gray
matter atlas (Neuromorphometrics, Inc., 136 ROIs) and the John Hopkins
University (JHU) 1 mm isotropic white matter atlas (https://identifiers.
org/neurovault.collection:264, 48 ROIs). The use of a morphometric
rather than a functional atlas is motivated by the fact that current
functional atlases are derived from BOLD-fMRI, and we aimed to select a
parcellation that was independent of the either functional contrast under
investigation. Furthermore, comparing structural and functional data can
be informative, as there is an expected relationship between the two. Due
to partial brain coverage, only ROIs present in all the subjects, in both
contrasts (BOLD and ADC), and containing at least ten voxels were
retained (Supplementary Tables 3 and 4).

Functional Connectivity
BOLD-fMRI and ADC-fMRI FC matrices were obtained by calculating
Pearson’s partial correlation between each pair of atlas ROI timecourses,
using the average timecourse of the whole brain (the global signal) as a
covariate, followed by Fisher’s transform (Fig. 1A). Although it is hypo-
thesized that the ADC signal is only sensitive to localized brain activity and
therefore should not be affected by the global signal regression (GSR), we
decided to apply the same processing to both BOLD-fMRI andADC-fMRI,
to allow a fair comparison between the two contrasts. Furthermore, residual
physiological noise in ADC could be furthermitigated byGSR. FCmatrices
were finally averaged across subjects for each contrast. Since GSR may also
remove relevant functional signal and alter the distribution of correlation
coefficients96, we duplicated the BOLD-fMRI and ADC-fMRI analyses
without GSR to test the robustness of the results. Results without GSR are
shown in the Supplementary Figs. 12, 13, and 14.

Graph analysis
Only significant positive correlations in individual FC matrices were con-
sidered (Fig. 1B), determined with two-sided one-sample Wilcoxon tests
with multiple comparisons correction (FDR Benjamini-Hochberg97).
Weightedmetrics for testing the network strength (average node strength),
segregation (average clustering) and integration (global efficiency) were
calculated for each subject. The detailed formula of theweightedmetrics can
be found in Rubinov and Sporn98.

The node strength corresponds to the sum of the connection weights
for a given node (the weighted equivalent of the node degree), averaged
across all nodes to yield average node strength for the network98.
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The clustering coefficient of a node is a measure of inter-connectivity
(local functional connectivity) between its neighboring nodes99–101. The
clustering coefficient of anetwork (averaged across nodes) indicates the level
of clustered connectivity around individual nodes, thus it is a measure of
network segregation98,99.

The global efficiency is the average of the inverse shortest path length
between all pairs of nodes, where path lengths are defined inversely to FC.
Shorter paths between nodes indicate a high possibility of information flow
across the brain, therefore a higher efficiency corresponds to enhanced
potential for integration98.

Statistics and reproducibility
The regression lines between FC values derived from each contrast were
measured for positive and negative group-mean edge weights separately.

Significant positive and negative FCweights within each contrast were
determined with two-sided one-sample Wilcoxon tests with multiple
comparisons correction (FDR Benjamini-Hochberg97). These significant
connections were then split according to their connectivity domains (GM-
GM,WM-WM, GM-WM). To assess differences between ADC-fMRI and
BOLD-fMRI, we compared significant FC edges in each domain using two-
sided Mann-Whitney-Wilcoxon tests, with Bonferroni correction for
multiple comparisons.

We also compared the ADC-fMRI and BOLD-fMRI graph metrics in
the GM-GM and in the WM-WM domains using two-sided Mann-
Whitney-Wilcoxon tests, with Bonferroni correction for multiple
comparisons.

Finally, the pairwise inter-subject similarity within each contrast was
derived by calculating the Pearson correlation coefficients between the
significant GM-GM, WM-WM, or GM-WM edges, excluding self-
connections (Fig. 1B).

In all statistical tests, α = 0.05.
The results were successfully replicated between field strengths (3T vs

7T), but the dataset used does not include test-retest scans.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The raw data are available in the openneuro repository https://openneuro.
org/datasets/ds003676102. Data supporting Fig. 3–6, and Supplementary
Fig. 11 and 16 are available in the figshare repository https://doi.org/10.
6084/m9.figshare.28435325.v2103.

Code availability
TheMatlab code used to process the data is available on https://github.com/
Mic-map/DfMRI104. The python code used to run the analyses is available at
https://github.com/Mic-map/ADC_rsfMRI105.
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