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ARTICLE INFO ABSTRACT

Although often ignored in fMRI studies, moment-to-moment variability of blood oxygenation level dependent
(BOLD) signals reveals important information about brain function. Indeed, higher brain signal variability has
been associated with better cognitive performance in young adults compared to children and elderly adults.
Functional connectivity, a very common approach in resting-state fMRI analysis, is scaled for variance. Thus,
alterations might be confounded or driven by BOLD signal variance alterations. Chromosome 22q11.2 deletion
syndrome (22q11.2DS) is a neurodevelopmental disorder that is associated with a vast cognitive and clinical
phenotype. To date, several resting-state fMRI studies reported altered functional connectivity in 22q11.2DS,
however BOLD signal variance has not yet been analyzed. Here, we employed PLS correlation analysis to reveal
multivariate patterns of diagnosis-related alterations and age-relationship throughout the cortex of 50 patients
between 9 and 25 years old and 50 healthy controls in the same age range. To address how functional
connectivity in the default mode network is influenced by BOLD signal fluctuations, we conducted the same
analysis on seed-to-voxel connectivity of the posterior cingulate cortex (PCC) and compared resulting brain
patterns. BOLD signal variance was lower mainly in regions of the default mode network and in the dorsolateral
prefrontal cortex, but higher in large parts of the temporal lobes. In those regions, BOLD signal variance was
correlated with age in healthy controls, but not in patients, suggesting deviant developmental trajectories from
child- to adulthood. Positive connectivity of the PCC within the default mode network as well as negative
connectivity towards the frontoparietal network were weaker in patients with 22q11.2DS. We furthermore
showed that lower functional connectivity of the PCC was not driven by higher BOLD signal variability. Our
results confirm the strong implication of BOLD variance in aging and give an initial insight in its relationship
with functional connectivity in the DMN.
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1. Introduction 2011; Allen et al., 2014) have gained interest in recent literature. Such

variability measures are rarely taken into account in conventional rs-

Inter- and intra-subject variability of resting-state functional mag-
netic resonance imaging (rs-fMRI), such as between-trial variability
(Poldrack et al., 2015; Laumann et al., 2015; Davis et al., 2014), spatial
variability between voxels (Davis et al., 2014; Gopal et al., 2016) and
moment-to-moment variability of blood oxygenation level dependent
(BOLD) signals within every voxel (McIntosh et al., 2010; Deco et al.,

fMRI analysis, but their consideration might give a deeper insight into
underlying brain processes and their connection to disease-related
alterations (McIntosh et al., 2010; Gopal et al., 2016). Even though the
exact implications of the latter, moment-to-moment BOLD signal
variability, are not clear yet, theoretical work has suggested that
spontaneous signal fluctuations are crucial for neural system functions
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and reflect larger network complexity and dynamic range (Deco et al.,
2011; McIntosh et al., 2010). Several studies focusing on the implica-
tions of BOLD signal variability on aging and cognitive performance in
adults have demonstrated that moment-to-moment variability is not
just noise as previously assumed, but is higher in better performing,
younger adults compared to lower performing, elderly subjects (Garrett
et al, 2013a, 2014; Grady and Garrett, 2014). Findings in other
modalities such as EEG (McIntosh et al., 2008; Lippé et al., 2009)
and MEG (Misi¢ et al., 2010) support those findings, suggesting lower
brain variability in children compared to young adults. Moment-to-
moment BOLD signal fluctuations have been shown to be altered in
multiple neuropsychiatric disorders such as autism (Di Martino et al.,
2014; Lai et al., 2010), Alzheimer's disease (Zhao et al., 2014; Liu et al.,
2014; Han et al., 2011; Xi et al., 2012) and attention deficit
hyperactivity disorder (Zang et al., 2007), as well as schizophrenia
(Yu et al., 2014; Yang et al.,, 2014; Liu et al,, 2016). The strong
relationship of BOLD signal variability with age and cognitive perfor-
mance make this approach especially promising to obtain further
insight in the mechanisms driving the development of cognitive and
psychiatric disorders.

Rs-fMRI has been widely used in recent years to analyze altered
brain function in numerous psychiatric diseases. It is especially
advantageous when studying populations with limited abilities to
respond to task, such as young children or individuals with impaired
cognitive functions and attention deficits. Most rs-fMRI studies focus
on stationary functional connectivity, assessed by computing the
temporal correlation between the BOLD signals of different brain
regions computed over the whole resting-state session. However,
conventional functional connectivity is normalized for BOLD signal
variance. In other words, the Pearson correlation coefficient is scaled
with respect to individual signal standard deviation and BOLD signal
variability might even confound results of functional connectivity
(Garrett et al.,, 2013b). For instance, lower functional connectivity
might result from higher variance, or oppositely, lower variance might
have weakened the effect of functional connectivity reduction.

Chromosome 22q11.2 deletion syndrome (22q11.2DS) is a neuro-
developmental disorder caused by a microdeletion in chromosome 22.
It occurs in approximately 1 out of 4000 live births and comes with a
vast phenotype that includes somatic, cognitive and psychiatric fea-
tures (Oskarsdottir et al., 2004). Amongst others, patients with
22q11.2DS suffer from a wide range of cognitive impairments, includ-
ing mild mental delay and impaired executive functions (Maeder et al.,
2016; Antshel et al., 2008; Niklasson and Gillberg, 2010; Swillen et al.,
1997). Furthermore, 22q11.2DS comes with a very high risk of
developing schizophrenia, which occurs in 30% to 40% of patients
(Lewandowski et al., 2007; Murphy et al., 1999; Schneider et al., 2014).
The developmental characteristics of the disease and the high risk of
psychotic symptoms makes 22q11.2DS a unique model for the study of
behavioral, clinical and neural markers in schizophrenia in order to
improve treatments and prevention (Bassett and Chow, 1999).

In 22q11.2DS, to date, several studies have analyzed functional
connectivity during rest (Debbané et al., 2012; Padula et al., 2015;
Scariati et al., 2014; Schreiner et al., 2014; Mattiaccio et al., 2016).
They have revealed altered connectivity in multiple resting-state net-
works (RSNs) such as the visuospatial, sensory-motor and default
mode networks. Two of the studies (Padula et al., 2015; Schreiner et al.,
2014) specifically focused on connectivity of the default mode network
(DMN), a RSN that has been associated with self-referential, autobio-
graphical mental processes and social cognition (Greicius et al., 2003;
Fair et al., 2008; Qin and Northoff, 2011). They revealed decreased
connectivity in 22q11.2DS, especially between anterior-posterior re-
gions (Schreiner et al., 2014; Padula et al., 2015). Alterations within
the DMN have furthermore been associated with dysfunctional social
behavior (Schreiner et al., 2014) as well as psychotic symptoms
(Debbané et al., 2012; Mattiaccio et al., 2016).

To our best knowledge, no studies to date have investigated BOLD
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signal variability in 22q11.2DS. Given its link to development and
cognition, we hypothesize that BOLD signal variability is broadly
altered in 22q11.2DS and that it is increasing during development
from child- to adulthood. We used the BOLD signal standard deviation
(SDgoLp) to measure brain variability. We then employed multivariate
partial least squares (PLS) correlation (Krishnan et al., 2011; McIntosh
et al., 2004) in order to identify multivariate brain variability altera-
tions and developmental characteristics in our 22q11.2DS cohort
compared to controls. PLS correlation is better suited for voxelwise
brain analysis than mass-univariate approaches, as they assume
independence between all voxels (a hypothesis which is obviously
wrong in the brain) and are thus very limited by the problem of
multiple comparisons. PLS correlation measures multivariate relation-
ship between two sets of variables (here: voxelwise SDgo p on one side
and a combination of subject-specific design variables, i.e. diagnosis,
age and age by diagnosis interaction, on the other side). Its second
advantage in addition to multivariability of the brain pattern is thus the
possibility to investigate the relationship of brain data with multiple
external variables at the same time. We secondly hypothesize that
conventional functional connectivity analysis might be influenced by
BOLD variation, as Pearson correlation is normalized for standard
deviation. To obtain an insight on possible links between functional
connectivity and brain variability, we selected a seed inside the
posterior cingulate cortex (PCC) and analyzed brain-wide seed-to-voxel
connectivity. The PCC was selected as it is a central hub inside the
DMN, one of the best studied RSN (Greicius et al., 2003; Fair et al.,
2008; Menon and Uddin, 2010). It additionally appeared as a region of
strongly decreased SDgop variability during the first analysis. We used
the same PLS approach as before to identify multivariate alterations
and age-relationship of PCC functional connectivity. In a last step we
identified regions where both functional connectivity and BOLD signal
variance were altered in our cohort. In those regions, SDgo p might
confound or even drive functional connectivity alterations. Thus, we
compared the direction of alteration of both measures in those regions,
in order to obtain a first insight in the relationship between BOLD
variability and functional connectivity.

2. Methods
2.1. Participants

Fifty patients with 22q11.2DS aged between 9 and 25 (M/F=21/29,
mean age=16.53 + 4.25 years) were included in the study (see Table 1).
The control group comprised fifty healthy subjects in the same age
range (M/F=22/28, mean age=16.44 + 4.20 years). Healthy controls
(HCs) were recruited amongst siblings of our patients and through the
Geneva state school system.

From our initial sample of 110 patients and 75 HCs between 9 and
25 years old, a total of 85 participants had to be excluded to ensure the
good quality of the data. Five subjects (only patients) were excluded
because they reported having fallen asleep during the scanning session.
Another 34 subjects (5 HC) had to be excluded due to excessive motion
of more than 3 mm in translation or 3° in rotation and the data of 35
more subjects (19 HC) were not used because parts of the cortex were
not captured. From the remaining dataset, 11 more participants (1 HC)
were excluded after motion scrubbing (Power et al., 2012, see para-
graph Preprocessing) as less than 100 rs-fMRI scans, corresponding to
4 min of scanning time, had a framewise displacement below the
threshold of 0.5 mm. Table 2 shows a summary of motion data within
the two groups.

Written informed consent was received from participants and their
parents (for subjects younger than 18 years old). The research
protocols were approved by the Institutional Review Board of Geneva
University School of Medicine. The cohort is partly overlapping with
our previous rs-fMRI studies: 33 subjects (15 HC) have been also
included in Debbané et al. (2012), 52 subjects (27 HC) in Scariati et al.
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Table 1
Demographic information.

HC 22q11.2DS  p value
Number of subjects (M/F) 50 (22/28) 50 (21/29) 0.910
Age mean + SD 16.44 + 4.20 16.53+ 4.25  0.840
(range) (9.5-24.9) (9.0-24.8)
Right handed 71.43% 80.95%"
1Q 109.68 +12.99  68.20+12.21  <0.001
N. subjects meeting criteria for N/A 27 (54%)
psychiatric diagnosis
Anxiety disorder N/A 8
Attention deficit hyperactivity N/A 2
disorder
Mood disorder N/A 4
Schizophrenia N/A 1
More than one psychiatric disorder N/A 12
N. subjects medicated 0 14
Methylphenidate 0 8
Antipsychotics 0 2
Anticonvulsants 0 1
More than one class of medication 0 3

" Handedness was measured using the Edinburgh laterality quotient, right handedness
was defined by a score of more than 50.

" 1Q was measured using the Wechsler Intelligence Scale for Children—III (Wechsler,
1991) for children and the Wechsler Adult Intelligence Scale—III (Wechsler, 1997) for
adults.

Table 2
fMRI motion parameters. FD - framewise displacement.

HC 22q11.2DS p value correlation
with
age (p value)
Mean translation X 0.13+0.13 0.12+0.14 0.7411 0.04 (0.6851)
(mm) y 0.19+0.14 0.18+0.18 0.8446 0.03 (0.7994)
z 0.31+0.29 0.39+0.34 0.1670 -0.10 (0.3222)
Mean rotation re 0.34+0.27 0.39+0.30 0.3149 -0.04 (0.7260)
(degree) r, 020+£0.17 0.18+0.14 0.6221 -0.14 (0.1661)
r, 017+0.17 0.19+0.19 0.5786 —-0.05 (0.6430)
Mean FD (mm), 0.16+0.10 0.22+0.11 <0.001 —-0.20 (0.046)
before
scrubbing
Mean FD (mm), 0.14+0.05 0.17+0.06 0.002 -0.14 (0.1560)

after scrubbing

(2014), and 57 subjects (32 HC) in Padula et al. (2015).

2.2. Image acquisition

Structural and functional MRI data were acquired at the Centre
d'Imagerie BioMédicale (CIBM) in Geneva on a Siemens Trio (N=78)
and a Siemens Prisma (N=22) 3 Tesla scanner. Anatomical images
were acquired with a T1-weighted sequence of 0.86x 0.86x1.1 mm?>
volumetric resolution (192 slices, TR=2500 ms, TE=3 ms, acquisition
matrix=224x256, field of view=22 cm?, flip angle=8%), and functional
images with a T2-weighted sequence of 8 minutes (voxel si-
ze=1.84x1.84x3.2 mm, 38 slices, TR=2400 ms, TE=30 ms, flip an-
gle=85%). For the rs-fMRI session, participants were asked to fix a
cross projected on a screen, let their minds wander while not thinking
of anything in particular and not to fall asleep.

2.3. Preprocessing

Fig. 1 shows a graphical overview on our complete analysis,
including rs-fMRI preprocessing steps. The rs-fMRI scans were pre-
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processed using Statistical Parametric Mapping (SPM12, Wellcome
Trust Centre for Neuroimaging, London, UK: http://www.fil.ion.ucl.ac.
uk/spm/). We adapted the pipeline of our previous studies (Richiardi
et al., 2012; Scariati et al., 2014) and utilized functions of the Data
Processing Assistant for Resting-State fMRI (DPARSF; Yan, 2010) and
Individual Brain Atlases using Statistical Parametric Mapping
(IBASPM; Aleman-Gomez et al., 2006) toolboxes. Functional images
were realigned and spatially smoothed with an isotropic Gaussian
kernel of 6 mm full width half maximum (FWHM). Structural scans
were coregistered to the functional mean and segmented with the
SPM12 Segmentation algorithm (Ashburner and Friston, 2005). A
study-specific template was generated using Diffeomorphic Anatomical
Registration using Exponentiated Lie algebra (DARTEL, Ashburner,
2007). After initial preprocessing, the voxelwise time series were
extracted in individual subject space, excluding the first five time
points, and the voxelwise time series were filtered with a bandwidth of
0.01 Hz to 0.1 Hz. Then, we applied motion scrubbing (Power et al.,
2012) to correct for motion artifacts. Frames with high motion were
marked according to the framewise displacement, which was calculated
as the sum of the absolute values of the six realignment parameters
(Power et al., 2012). Scans with a framewise displacement of more than
0.5 mm, as well as one scan before and two scans after, were excluded
from the analysis.

2.4. BOLD signal variability

Voxelwise signal variability was determined by calculating the
standard deviation (SDporp) of preprocessed time series in subject
space. According to Parseval's theorem, this approach is equivalent to
the frequency-domain computation of the amplitude of low-frequency
fluctuations (ALFF) at 0.01 Hz to 0.1 Hz.

Voxelwise BOLD variability maps were z-scored and warped to the
study-specific DARTEL template by means of the nonlinear flow fields
that were previously generated by the algorithm. We made the choice to
apply spatial normalization on the variability maps, rather than the rs-
fMRI data beforehand, as in this way voxel-wise measures such as
ALFF are less affected by the spatial distortions (Wu et al., 2011).

2.5. Seed-based DMN functional connectivity

For DMN connectivity analysis, a seed region of 7x 7x 11 mm? was
placed in the PCC at MNI coordinates [0, =56, 26] (Karahanoglu and
Van De Ville, 2015) and spatially transformed into the common space
the study-specific DARTEL template. The seed region was then mapped
into individual subject space and seed functional connectivity maps
were calculated by computing the Pearson correlation coefficient of
every voxel time course with the average time course inside the seed
region. Voxelwise seed functional connectivity maps were z-scored for
every subject and warped to the study-specific DARTEL template.

2.6. PLS correlation analysis

We applied PLS correlation (Krishnan et al., 2011; McIntosh and
Lobaugh, 2004) to reveal alterations related to diagnosis and the
relationship between brain measures and age. In the following, we are
going to refer to subject-specific design variables (see also Fig. 1, yellow
box).

For the current study, we included a variable corresponding to
diagnosis (1 for HC, -1 for 22q11.2DS), age and age by diagnosis
interaction as design variables in the PLS correlation analysis. As there
were no significant effects of gender and its interaction with diagnosis
when included in the analysis, here we only show the results for age
and diagnosis. Only voxels with a probability higher than 0.5 of laying
inside the gray matter of the study-specific DARTEL template were
considered as brain data input. Prior to the application of PLS
correlation, subject-specific design variables and voxelwise brain data
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Fig. 1. Processing pipeline including preprocessing, computation of SDgorp and PCC ¢
correlation analysis.

were z-scored across all subjects, as group information was already
included in the first design variable.

The first step of PLS correlation is the computation of the
correlation matrix R = XTY between a matrix of voxel data per subject
X and a number of subject-specific design variables Y. Here, we
included the three design variables diagnosis, age and their interaction.
Then, the singular value decomposition (SVD) of R = USVT produced
three latent variables (LVs). Every LV is associated with 1) a singular
value (diagonal elements of S) indicating the correlation explained by
that LV, 2) a vector of three left singular values U, also called design
saliences, and 3) a vector of right singular values V, also called brain
saliences or voxel saliences. The design saliences U indicate how strong
each one of the three design variables contributes to the brain-design
correlation explained by this LV. Similarly, the brain saliences V
express how strong every voxel contributes to the brain-design
correlation explained by this LV. Then, the projection of every subject's
original brain data (in X) onto the multivariate brain salience pattern
(in V) produces so-called “brain scores” Lx = XV. Those brain scores
give a measure on the similarity of a subject's individual brain data
with the salient brain pattern. Similarly, so-called “design scores” can
be computed by Ly = YU, which are a projection of every subject's
design variables onto the respective design saliences.

In order to determine whether the explained correlation of every LV
was significant, we applied permutation testing using 1000 permuta-
tions to determine the null distribution of the singular values. We
applied Bonferroni correction for multiple comparisons when testing
for significance of the three LVs. A LV was considered significant if the
singular value was higher than 98.3% of its null distribution (p=0.017).
If a LV was significant, we furthermore evaluated the robustness of
brain and design saliences using a bootstrapping procedure with 500

onnectivity, spatial normalization to a study-specific template created with DARTEL and PLS

random samples with replacement. Brain and design saliences were re-
calculated for every bootstrap sample, resulting in a typical bootstrap
distributing of the salience values. The division of the mean of this
distribution by its standard deviation gives bootstrap scores for every
voxel respectively design variable. Those bootstrap scores indicate the
robustness of a voxel's response; i.e., its contribution to the voxelwise
brain-behavior correlation and can be interpreted similarly to z-scores
(Krishnan et al., 2011). In the results, we show the brain patterns of
bootstrap scores thresholded at absolute values greater than 3.00,
which corresponds to a robustness at a confidence level of approxi-
mately 99% (Garrett et al., 2013a). As there are only three design
saliences per LV, a more detailed visualization than for the brain
saliences is possible and we show the design salience bootstrap means
as bar plots with error bars according to the bootstrap standard
deviations.

2.7. Group-wise correlation of brain scores with age

In order to provide an alternative visualization of the results
captured in the design saliences, we computed the correlation between
brain scores and age in every group separately. In the results section,
we plot the group-wise brain scores and their age-relationship in
addition to the design saliences to facilitate the interpretation of those.
P-values of the group-wise correlations were determined within the
permutation loop during PLS correlation analysis.

2.8. Comparing brain salience patterns

In order to reveal similarities and differences in the patterns of
voxel salience bootstrap scores in SDporp and PCC connectivity, we
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computed a joint map according to the magnitude and sign of the two
brain maps. All voxels where the root mean square of bootstrap scores
in both maps exceeded 3 were included into the joint map. Remaining
voxels were colored according to the angle between SDgorp bootstrap
scores and PCC connectivity bootstrap scores. This allowed us to
combine the following cases in one single map: 1) Areas where either
only SDgop or only PCC connectivity are altered, color-coded accord-
ing to the direction of that alteration (four cases: only SDgorp higher/
lower, only PCC connectivity higher/lower). 2) Areas where both
SDgoLp and functional connectivity are altered, color-coded according
to the direction of that alteration (four cases: both higher, both lower,
SDgorp higher and PCC connectivity lower, SDgo p lower and PCC
connectivity higher).

3. Results

PLS correlation analysis of voxelwise SDporp resulted in two
significant LVs. The first significant LV (p < 0.001) captured mainly
effects of diagnosis of the SDgo; p-design correlation, the corresponding
brain saliences can thus be interpreted similarly to a multivariate
contrast between patients and controls. The second significant LV
(p=0.001) captured mainly age-effects in the SDporp-design relation-
ship and almost no effect of diagnosis. The corresponding brain
saliences thus represents voxels which are strongly correlated with
age in both groups.

PLS correlation analysis of seed-to-voxel PCC connectivity resulted
in only one significant LV (p < 0.001) which captured both a strong
effect of diagnosis and age. The corresponding brain salience pattern
shows thus voxels which are different in patients compared to controls,
but where PCC connectivity is also correlated with age in both groups.

In the following section, we show the PLS correlation results for
SDpoLp and PCC connectivity in more detail. The first subsection
describes results obtained in SDgo;p, the second subsection describes
results obtained in PCC connectivity and in the third subsection, we
provide a comparison of the two previous results by showing an
overview on the similarities and differences between the brain salience
patterns of the first (mainly diagnosis-related) LV of SDgorp and the
first (both diagnosis- and age-related) LV of PCC connectivity.

3.1. SDBOLD

In this subsection, we first show the average SDgorp maps in our
cohort, then describe the first (mainly diagnosis-related) significant LV
that results from the PLS correlation analysis of SDgorp, and conclude
with a description of the second (mainly age-related) significant LV.

3.1.1. SDgorp: average across all subjects

Fig. 2 shows the average SDporp across all subjects. SDgop is very
strong in medial regions of the DMN, such as the PCC, precuneus and
the medial prefrontal cortex. There was no significant group difference
in the within-subject average SDgoLp which was subtracted during z-
scoring (two sample t-test, p=0.195).

3.1.2. SDporp: LVI reflects a main effect of diagnosis

Fig. 3a to ¢ show brain and design saliences corresponding to the
first significant LV (p < 0.001) for PLS correlation analysis of SDgorp.
There is a very strong effect of diagnosis (design salience 0.96 + 0.04) a
small negative effect of age (design salience —0.16 + 0.08), as well as a
negative effect of age by diagnosis interaction (design salience —0.23 +
0.07).

Correlation plots of brain scores with age are shown on Fig. 3b. In
HCs, brain scores are significantly negatively correlated with age (p=-
0.58, p=0.001), whereas in the patients group there is no significant
correlation (p=0.09, p=0.626). This means that in brain areas with
positive resp. negative bootstrap scores (red resp. blue), SDporp is
negatively resp. positively correlated with age in controls but not in
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patients.

Due to the high diagnosis salience, the corresponding pattern of
brain salience bootstrap scores (see Fig. 3c¢) can be interpreted as a
multivariate contrast showing areas of higher (red) and lower (blue)
SDgorp in 22q11.2DS. Reduced SDgorp can be found in regions of the
DMN such as PCC, lateral parietal and medial prefrontal cortices, as
well as in the dorsal anterior cingulate and the dorso-lateral prefrontal
cortices. SDgoyp is bilaterally elevated in the inferior temporal cortex
including parahippocampus, in the superior temporal gyrus and in
caudate.

3.1.3. SDgorp: LV2 reflects a main effect of age

Brain and design saliences of the second significant LV (p=0.001)
are shown on Fig. 3d to f. There are a strong age effect (design salience
0.99 +0.07) and a small effect of diagnosis (design salience 0.16 +
0.09). However, no significant effect of age by diagnosis interaction
appeared (design salience —0.01 + 0.14).

Group-wise correlation analysis between brain scores and age (see
Fig. 3e) shows strong correlation values in both groups, as was
expected based on the high age salience without interaction salience.
Overall brain scores are slightly higher in patients (small diagnosis
salience).

Due to the high age salience, the corresponding pattern of brain
salience bootstrap scores (see Fig. 3f) contains the voxels where SDpoLp
is strongly correlated with age in both patients and controls. SDgg;p
increases over age in the dorsal anterior cingulate cortex, superior
frontal cortex, as well as parts of thalamus. Small clusters with
decreasing SDporp are located in the anterior cingulate and orbito-
frontal cortices.

3.2. PCC functional connectivity

This subsection begins with the average PCC connectivity maps,
followed by a description of the only significant (both diagnosis- and
age-related) significant LV resulting from PLS correlation analysis of
PCC connectivity.

3.2.1. PCC connectivity: average across all subjects

Fig. 4 shows the average PCC connectivity across all subjects. As
expected regions of the DMN are strongly positively correlated with the
PCC, while there is a weaker, negative correlation with regions of the
frontoparietal network, consisting of lateral frontal and parietal
regions. There was no significant group difference in the within-subject
average connectivity which was subtracted z-scoring (two sample t-test,
p=0.959).

3.2.2. PCC connectivity: LVI reflects effects of both diagnosis and age

The brain bootstrap scores as well as the corresponding design
saliences for the first significant LV (p < 0.001) are shown on Fig. 5a to
c. There is a very high effect of diagnosis (design salience 0.91 + 0.06)
meaning that corresponding brain voxel saliences can be interpreted as
a multivariate pattern of altered DMN connectivity in 22q11.2DS.
Additionally, there is a moderate negative effect of age (design salience
-0.38+ 0.08) and a small interaction between age and diagnosis
(design salience 0.16 + 0.08).

As already indicated by the design saliences, group-wise correlation
of brain scores with age (see Fig. 5b) shows that brain scores are
significantly negatively correlated with age in both groups, but the
negative correlation is stronger in patients (small interaction effect).

Due to the high diagnosis salience value, the corresponding pattern
of brain salience bootstrap scores (see Fig. 5¢) can be interpreted as a
multivariate contrast showing areas of higher (red) and lower (blue)
PCC connectivity in 22q11.2DS. The negative age salience indicates
that PCC connectivity in the brain salience pattern is furthermore
negatively (red) and positively (blue) correlated with age.

Regions of elevated PCC connectivity in patients include the middle
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Fig. 2. Average SDpoLp in gray matter, (a) original values (b) within-subject z-scores. mPFC - medial prefrontal cortex; PCC - posterior cingulate cortex.

frontal and inferior parietal cortices, regions of the frontoparietal or
central executive network which is in fact negatively correlated with the
DMN. Thus, we can derive that the anti-correlation between the PCC
and the frontoparietal network is weaker in 22q11.2DS.

Reduced PCC connectivity can be observed in the medial prefrontal
cortex, confirming previous observations on long-range anterior-pos-
terior DMN dysconnectivity (Schreiner et al., 2014; Padula et al.,
2015). PCC functional connectivity towards the anterior cingulate
cortex and posterior insula, areas of the salience network, is also lower
in 22q11.2DS.

3.3. Comparison of SDgorp and PCC connectivity alterations

The first LV has a strong diagnosis salience in both SDgo.p and PCC
connectivity. In order to compare the two patterns of alterations in
22q11.2DS, we computed the joint map between the brain salience
bootstrap score maps of the two measures (see Fig. 6). In some regions
either only SDgo.p or only PCC connectivity are altered. Most areas in
the inferior temporal lobe have only higher SDgop while PCC
connectivity is not altered (red), while in the gyrus rectus only PCC
connectivity is altered. In medial regions of the DMN (precuneus and
medial prefrontal cortex) and in the middle temporal gyrus, both
measures are reduced. Interestingly there are no areas where both
measures are significantly elevated in 22q11.2DS. In the frontoparietal
network, SDgorp is lower and PCC connectivity higher in 22q11.2DS
(bluish green). As stated in the previous paragraph, PCC connectivity in
those areas has negative values; higher connectivity thus indicates a
weaker correlation. Interestingly, in most regions where both measures
are altered, SDporp is reduced. Elevated SDgorp seemingly has not
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driven any reductions in PCC functional connectivity.

4. Discussion

In the present study we employed multivariate PLS correlation to
reveal altered brain function and age-relationship in 22q11.2DS. We
used two different approaches to analyze resting-state BOLD signals:
BOLD signal fluctuations assessed by the standard deviation of every
voxel's temporal signal and seed-based functional connectivity between
the PCC and the other brain voxels. With both approaches we were able
to reveal multivariate patterns of altered brain function in 22q11.2DS.
In both measures, the first significant LV was representing areas of
altered brain function related to 22q11.2DS. In SDgo; p, there was also
an effect of age by diagnosis interaction in the first LV, suggesting an
altered developmental trajectory of SDporp in those areas. In SDgorp
there was a second age-related brain pattern, which revealed the brain
regions with the strongest age-relationship in both groups. The
corresponding pattern was not overlapping with the pattern of the
first LV and patients had the same developmental curve as controls in
those areas. In PCC connectivity, the pattern of alterations correspond-
ing to LV1 was also correlated with age, but PLS correlation revealed
no separate age-related component as in SDgoLp.

In the following, the two significant LVs for SDporp and the only
significant LV for PCC connectivity will be discussed one after another.
Finally, the relationship between SDporp and functional connectivity
will be examined on the basis of the comparison between the patterns
of altered brain function.
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SDgoLp - Latent variable 1: SDgoLp - Latent variable 2:
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Fig. 3. SDpoLp: PLS correlation analysis results in two significant LVs. Left column: (a) The design saliences of the first LV reveal a strong effect of diagnosis, almost no age effect and a
negative age by diagnosis effect. (b) Separate correlation of brain scores with age in every group gives an alternative view of those results: Brain scores are higher in 22q11.2DS
(diagnosis-effect) and are negatively correlated with age in HC but not in 22q11.2DS (negative age- and interaction-effects). (¢) The first pattern of brain saliences can thus be interpreted
as multivariate contrast. Areas with robustly lower SDgoLp in 22q11.2DS (blue) are mainly part of the DMN (PCC, IPL, mPFC), and also include medial (dACC) and lateral prefrontal
(dIPFC) regions. Clusters with robustly higher SDgorp (red) are located in the inferior temporal lobes including PHIP, as well as in the STG and CAU. Right column: (d) The design
saliences of the second LV reveal a strong age-effect across all subject, as well as a small effect of diagnosis, but no interaction. (e) Separate correlation between brain scores and age in
every group shows again the strong relationship with age in both controls and patients. Brain scores are slightly higher in patients, as already indicated by the small positive diagnosis
design salience. (f) The second pattern of brain saliences shows thus voxels which are robustly correlated with age in both groups. Regions with positive age-relationship (red) are located
in THA, dACC and the sFC, while in a small cluster in the ACC (blue), SDgoLp is negatively correlated with age. ACC - anterior cingulate cortex; CAU - caudate; dACC - dorsal ACC; dIPFC
- dorso-lateral prefrontal cortex; IPC - inferior parietal cortex; mPFC - medial prefrontal cortex; PCC - posterior cingulate cortex; PHIP - parahippocampus; sFC - superior frontal cortex;
STG - superior temporal gyrus; THA - thalamus.

4.1. SDgorp alterations in 22q11.2DS adults found decreased variability in an elderly, low performing group
compared to young adults in a very similar set of brain regions (Garrett

To our best knowledge, this is the first study to date analyzing et al., 2011). Alterations in lateral parietal regions might be implicated
moment-to-moment BOLD signal variability in 22q11.2DS. During our in visuospatial processing difficulties of patients with 22q11.2DS
first analysis we showed that z-scored SDgorp is altered in a broad (Gothelf et al., 2008), while the PCC and precuneus have been
pattern, showing both elevated and reduced SDporp in patients with identified as structural and functional network hubs, associated with
22q11.2DS (LV1, see Fig. 3c). SDporp is lower in large parts of the self-referential processes and theory of mind (van den Heuvel and
DMN including the medial prefrontal cortex, PCC, and lateral parietal Sporns, 2013; Spreng et al., 2008). Another cluster of reduced SDgorp
cortex. A previous study on BOLD variability during task in healthy is located in the dorso-lateral prefrontal cortex, a region which is
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Fig. 4. Average PCC connectivity, (a) original values (b) within-subject z-scores. IPC - inferior parietal cortex; mPFC - medial prefrontal cortex; PCC - posterior cingulate cortex; seed -

region of interest in the posterior cingulate cortex.

known to be structurally and functionally affected in schizophrenia
(Jung et al,, 2010; Sun et al., 2009; Karlsgodt et al., 2014). In
22q11.2DS, structural MRI studies have shown relative reductions of
cortical volume and thickness in the parietal cortex, the dorso-lateral
prefrontal cortex and along midline structures (Schmitt et al., 2015;
Gothelf et al., 2008; Jalbrzikowski et al., 2013). The similarity to the
here observed pattern of BOLD variability reductions suggests a link
between altered cortical volume and BOLD signal variability altera-
tions.

Additionally, we observed a significant relationship with age in
regions with altered SDgorp in HCs, but not in the 22q11.2DS group
(see Fig. 3a and b). More specifically, brain scores decrease over age in
controls whereas in patients, they are not correlated with age. This
observation suggests that elevated and reduced SDpop might be
caused by altered developmental trajectories in patients with
22q11.2DS. Developmental alterations in 22q11.2DS have already
been observed in several other modalities (Schaer et al., 2009;
Padula et al.,, 2015; Gothelf et al., 2008; Shashi et al., 2012;
Jalbrzikowski et al., 2013), including deviant maturation curves of
cortical thickness (Schaer et al., 2009) and structural connectivity
(Padula et al., 2015).

4.2. SDoLp development

We furthermore showed that, in a different set of brain regions,
SDgovp is strongly correlated with age, both in 22q11.2DS and HCs
(LV2, see Fig. 3f). More specifically, BOLD variability increases with
age in most of the regions showing a robust age-effect, namely
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thalamus, dorsal anterior cingulate and superior frontal cortex. In
those regions, older subjects of our cohort had higher SDgo;p than
children. In one cluster of the anterior cingulate cortex and bilaterally
in the orbitofrontal cortex, SDgorp was robustly decreasing over age.
Garrett et al. (2013b) suggested that brain signal variability follows an
inverted U-shaped curve over life-span, increasing from child- to young
adulthood and decreasing again with higher age. In the present study,
we observed mainly increasing SDgop p from child- to young adulthood,
a result which is in line with the previously stated hypothesis. However,
Garrett et al. based their hypothesis within the age range from child- to
adulthood only on task-based EEG (McIntosh et al., 2008; Lippé et al.,
2009) and MEG studies (Misi¢ et al., 2010). Here we provide additional
information to those results in our cohort using rs-fMRI. Increasing
variability suggests the transition towards a system of higher dynamic
complexity that has greater adaptability, efficiency and dynamic range
leading to enhanced cognitive function (Misic et al., 2010; Deco et al.,
2011; Ghosh et al., 2008; Garrett et al., 2013b). Interestingly, the areas
showing robust relationship with age are not overlapping with the
pattern of SDgo p alterations. Patients have normally developing BOLD
signal variability in those areas.

4.3. PCC connectivity alterations in 22q11.2DS

In order to compare the effects of BOLD signal variability with
conventional functional connectivity, we studied seed-based connectiv-
ity within the DMN. The DMN is one of the most studied RSNs and two
studies to date explicitly studied DMN functional connectivity in
22q11.2DS using different seed-based approaches (Schreiner et al.,
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PCC connectivity - Latent variable 1:
Diagnosis- and age-related
(b) Brain scores per group

® HC:rho=-0.28,p =0.034
1 ® 22q11DS: rho =-0.56, p = 0.000
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Fig. 5. PCC connectivity: PLS correlation analysis results in one significant LV. (a) The
design saliences of the LV reveal a strong positive effect of diagnosis, as well as a
moderate negative age-effect and a small positive effect of interaction. (b) Separate
correlation of brain scores with age in every group gives an alternative view on those
results: Brain scores are higher in 22q11.2DS (diagnosis-effect) and are negatively
correlated with age (negative age-effect) in both groups. The correlation is stronger in
patients than in controls (interaction-effect) (c) The pattern of brain saliences can thus be
interpreted as areas of higher (red) and lower (blue) PCC connectivity in 22q11.2DS,
where PCC connectivity is also negatively (red) and positively (blue) correlated with age.
PCC connectivity in 22q11.2DS is higher (red) in the frontoparietal network (IPC and
MFG). PCC connectivity in 22q11.2DS is lower (blue) in the posterior insula and the
ACC, as well as in the TPO and REC. ACC - anterior cingulate cortex; dACC - dorsal ACC;
IN - insula; IPC - inferior parietal cortex; MFC - middle frontal cortex; REC - gyrus
rectus; TPO - temporal poles.

2014; Padula et al., 2015). Padula et al. (2015) found reduced
connectivity between anterior-posterior nodes of the DMN, as well as
between right and left parietal lobes. Schreiner et al. (2014) used a very
similar approach to ours in an independent sample, analyzing voxel-
wise connectivity of a seed placed in the PCC. They found globally lower

93

Neurolmage 149 (2017) 85-97

within-DMN connectivity and higher connectivity between the PCC and
the right inferior frontal gyrus.

In the present study we were able to confirm the lower anterior-
posterior connectivity within the DMN between PCC and the medial
prefrontal and left superior frontal cortices (LV1, see Fig. 5¢). However,
thanks to our multivariate approach, we obtained a much broader
pattern of altered PCC connectivity. In particular, we found lower
connectivity with the temporal poles, an effect that has also been
observed in schizophrenia with a relationship to self-disturbance and
hallucinations (Pankow et al., 2015).

Furthermore we observed weaker anti-correlation between the PCC
and the frontoparietal network, a network playing a central role in
working memory and attention. It has been proposed that switching
between the DMN, the frontoparietal network and the saliency network
is crucial for normal brain functioning and that dysconnectivity
between those networks plays a central role in multiple psychopathol-
ogies (Menon, 2011; Menon and Uddin, 2010) and schizophrenia in
particular (Hasenkamp et al., 2011).

Our observation on broad dysconnectivity between the DMN and
frontoparietal network in our cohort of 22q11.2DS patients, supports
the hypothesis of a strong implication in psychiatric disorders.

To date, only one study has analyzed the development of DMN
connectivity over age in 22q11.2DS (Schreiner et al., 2014), reporting
increased long-range connectivity within the DMN in controls and
abnormally increasing PCC connectivity with regions outside the DMN
in patients. Our approach in the present study is complementary, as
our PLS approach optimizes for a maximum age correlation in all
subjects, independently of the diagnosis. The age-relationship of the
mainly diagnosis-related LV1 supports increasing within-DMN con-
nectivity. However, we did not observe any effect of interaction
between age and diagnosis.

4.4. PCC connectivity development

In PCC connectivity, there was no significant second LV as in the
analysis of SDpoLp, indicating that all developmental effects of DMN
connectivity were already explained by the first LV. In the first LV, PCC
connectivity was correlated with age in both groups, but stronger in
patients (see Figs. 5a and b). As most studies focus only on maturation
effects within the DMN without taking into account the whole brain
(for instance Sherman et al., 2014 and Supekar et al., 2010) those
results are difficult to confirm and further analysis will be necessary to
get more insight in the underlying effects.

4.5. Relationship of SDporp and functional connectivity

Overall, we showed that alterations in SDpo p might be explained
by altered developmental trajectories in 22q11.2DS, while in PCC
connectivity both groups show a strong relationship with age.
Furthermore, the second significant LV in SDpg p, which represents
strong age-relationship in all subjects, is absent in PCC connectivity,
suggesting that SDporp is stronger implicated in development. These
findings confirm existing literature emphasizing BOLD signal varia-
bility as a promising tool for the analysis of brain development and its
alterations in neurodevelopmental disorders (Garrett et al., 2013b;
McIntosh et al., 2010), which is complementary to functional con-
nectivity analysis.

Furthermore, there is a close relationship between SDgorp and
functional connectivity, as the standard deviation appears in the
denominator of the Pearson correlation coefficient (Garrett et al.,
2013b; Zalesky et al., 2012):

SD,SD,

2 )xy =

1)

Thus, alterations of functional connectivity might actually be driven by
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Fig. 6. Joint map between SDgorLp LV1 bootstrap scores (see Fig. 3¢) and PCC connectivity LV1 bootstrap scores (see Fig. 5¢). Color codes indicated whether only one measure is altered
in 22q11.2DS or both and in which direction. In the frontoparietal network, SDporp is lower and PCC connectivity higher in 22q11.2DS (bluish green). In medial regions of the DMN
(mPFC, precuneus) both are reduced. Interestingly, in areas with elevated SDgoLp (inferior temporal lobe), PCC connectivity is mostly not altered. IPC - inferior parietal cortex; dACC -
dorsal anterior cingulate cortex; dIPFC - dorso-lateral prefrontal cortex; MFC - middle frontal cortex; mPFC - medial prefrontal cortex; MTG - middle temporal gyrus; TPO - temporal

poles; FC - functional connectivity; SD - BOLD signal standard deviation (SDpoLp)-

alterations of covariance in the numerator or by variance in the
denominator. In the present study we addressed this question based
on the analysis of the DMN as one exemplary RSN. We showed that
lower functional connectivity of the PCC is not driven by higher
SDgoLp, but that in the areas where both are altered, SDgorp is also
lower and thus covariance has to be lower to an even stronger extent
than the correlation. Future analysis including more RSNs and whole
brain functional connectivity may give further insight into this ques-
tion.

5. Methodological considerations
5.1. PLS correlation analysis

We employed multivariate PLS correlation analysis to investigate
diagnosis-related alterations and the age-relationship of SDgo p and
functional connectivity of the DMN. We chose this approach because
conventional GLM analysis, and also other multivariate approaches
such as multivoxel pattern analysis (MVPA, De Martino et al., 2008) or
multivariate distance matrix regression (MDMR, Zapala and Schork,
2006) have the limitation that we obtain only one brain map per
included regressor, which indicates how strong that regressor is related
to the response variable (here SDporp). PLS correlation instead
searches to explain the most variance as possible between distributed
patterns of brain data and a combination of regressors. Its great
advantage compared to other multivariate approaches is thus the
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possibility to investigate the relationship of brain data with multiple
external variables at the same time. Here, this approach allowed us to
investigate alterations related to 22q11.2DS and developmental char-
acteristics at the same time. However, the multivariability of both brain
and design saliences also introduces challenges the interpretability of
the results.

5.2. SDgorp and motion

In the analysis of functional connectivity, but even more in SDgoy p,
motion is a known issue, as high changes in the BOLD signal might be
caused by sudden motion (Power et al., 2012, 2014). Clinical popula-
tions, such as our cohort of patients with 22q11.2DS who present both
mental and psychiatric disorders, move more than healthy subjects.
This makes it is especially difficult to disentangle effects which are
solely driven by motion. Here, we addressed this issue by excluding
extreme motion outliers during preprocessing. After motion scrubbing,
the framewise displacement was significantly higher in patients com-
pared to controls, while the mean translation and rotation parameters
did not differ between the groups. As this difference in motion is
inherent to the clinical population under study, it is very difficult to
obtain a perfect match between patients and controls without selecting
a subpopulation of patients. Even though we applied strict motion
correction, this effect presents still a limitation to our study. A more
detailed analysis of the association between SDgop and motion can be
found in the Supplementary Material.
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6. Conclusions and outlook

In this study we showed that BOLD signal variability is broadly
altered in 22q11.2DS, strongest in regions of the DMN. We moreover
observed that SDporp is strongly related to age in a set of mainly
subcortical brain regions. The locations and comparison to studies on
BOLD variability during task suggest an implication of higher BOLD
signal variability for better cognitive performance. However, further
targeted studies including behavioral variables and task-based fMRI
will be necessary to obtain a better understanding on the relationship
on BOLD signal variability and behavior. Furthermore, we note that
areas showing altered BOLD signal variability are reported to be also
structurally affected in 22q11.2DS. The direct link between BOLD
variance and brain anatomy should thus be subject to further analysis.

In an attempt to study the relationship between SDporp and
functional connectivity, we analyzed functional connectivity within
the DMN and identified locations where functional connectivity might
be confounded by brain variability. However, as we only studied
connectivity of one seed region located in the PCC, the conclusions
that can be driven are limited to this particular network. Further
analysis should also include other RSNs or whole-brain connectivity
approaches.
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