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Resting-state spontaneous ﬂuctuations have revealed individual differences in the functional architecture of brain
networks. Previous research indicates that the striatal network shows alterations in neurological conditions but
also in normal aging. However, the neurobiological mechanisms underlying individual differences in striatal
resting-state networks (RSNs) have been less explored. One candidate that may account for individual differences
in striatal spontaneous activity is the level of local iron accumulation. Excessive iron in the striatum has been
linked to a loss of structural integrity and reduced brain activity during task performance in aging. Using independent component analysis in a sample of 42 younger and older adults, we examined whether higher striatal iron
content, quantiﬁed using relaxometry, underlies individual differences in spontaneous ﬂuctuations of RSNs in
general, and of the striatum in particular. Higher striatal iron content was linked to lower spontaneous coherence
within both caudate and putamen RSNs regardless of age. No such links were observed for other RSNs. Moreover,
the number of connections between the putamen and other RSNs was negatively associated with iron content,
suggesting that iron modulated the degree of cross-talk between the striatum and cerebral cortex. Importantly,
these associations were primarily driven by the older group. Finally, a positive association was found between
coherence in the putamen and motor performance, suggesting that this spontaneous activity is behaviorally
meaningful. A follow-up mediation analysis also indicated that functional connectivity may mediate the link
between striatal iron and motor performance. Our preliminary ﬁndings suggest that striatal iron potentially accounts for individual differences in spontaneous striatal ﬂuctuations, and might be used as a locus of intervention.

1. Introduction
Resting-state spontaneous ﬂuctuations have shown to be a powerful
tool to map the functional architecture of the brain (Biswal et al., 2010;
Fox and Greicius, 2010; Buckner et al., 2013). These intrinsic neuronal
signals are organized in a hierarchy of networks that form large-scale
functional circuits and integrate resources needed to perform complex
tasks (Allen et al., 2011; Power et al., 2011; Yeo et al., 2011; van den
Heuvel and Sporns, 2013). Several studies have shown that resting-state
networks (RSNs) are altered in aging (Chan et al., 2014; Geerligs et al.,
2014; Ng et al., 2016; Salami et al., 2016; Avelar-Pereira et al., 2017),

and have been linked to age-related differences in a variety of cognitive
measures, including episodic memory (Salami et al., 2014; Fjell et al.,
2015), executive functions (Andrews-Hanna et al., 2007), self-reference
processes (Grady et al., 2016), and processing speed (Ng et al., 2016).
Despite the fact that resting-state connectivity has been extensively
studied in the context of aging (Grady, 2016; Campbell and Schacter,
2017; Geerligs and Tsvetanov 2017), the neurobiological mechanisms
underlying individual differences in RSNs have been less explored. A
number of hypotheses have been put forward in an attempt to explain
age-related alterations in functional networks and their concomitant
cognitive decline [for a review see Ferreira and Busatto, 2013]. More
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speciﬁcally, metabolic (cerebral blood ﬂow), structural (gray- and
white-matter integrity), and molecular (dopamine and amyloid deposition) characteristics of the brain have been shown to inﬂuence RSNs, in
both healthy and pathological aging (van den Heuvel et al., 2009; Zhang
and Raichle, 2010; Liang et al., 2013; Betzel et al., 2014; Salami et al.,
2014; Fjell et al., 2015; Nyberg et al., 2016; Salami et al., 2016; Nyberg
and Salami, 2014). Another candidate that may account for individual
differences in RSNs is iron accumulation in the striatum, which has been
previously linked to age-related cognitive and motor decline (Daugherty
and Raz, 2015).
There are essentially two types of iron in the brain: heme iron, found
in the blood, and intracellular non-heme iron, which binds to the storage
protein of iron, ferritin. Non-heme iron is crucially involved in numerous
biological processes, such as mitochondrial ATP production (adenosine
triphosphate, a major substrate of cellular energy metabolism), neurotransmitter synthesis, synaptic plasticity, and myelination (Hare et al.,
2013; Daugherty and Raz, 2015). Although almost absent at birth, brain
iron concentration rapidly increases during childhood (Hallgren and
Sourander, 1958) and has been linked to beneﬁcial effects in cognitive
performance (Hect et al., 2018). After a relative stabilization over
adulthood, brain iron levels tend to further increase in older age. A
higher permeability of the blood-brain barrier (BBB) with aging may lead
to leakage of iron, which could contribute to elevated iron content in
older age (Mesquita et al., 2012; Marques et al., 2013). When iron concentration passes a certain threshold, its accumulation becomes deleterious for brain cells by inducing oxidative stress via the Fenton reaction
(Winterbourn, 1995; Zecca et al., 2004). In normal aging, accumulation
of iron in the striatum triggers striatal atrophy over time (Daugherty
et al., 2015; Daugherty and Raz, 2016). Beyond this relationship between
iron and volume, we have recently shown a link between striatal iron and
brain activity during a motor imagery task, where older individuals with
more striatal iron had reduced activity in frontostriatal regions (Kalpouzos et al., 2017). We hypothesized that iron content could directly
impact brain activity via astrocytic dysfunction: the astrocytes, cells
where iron concentration increases with aging, are involved in the neurovascular coupling on which the blood oxygen level-dependent (BOLD)
signal measured with functional MRI (fMRI) relies (Connor et al., 1990;
Koehler et al., 2009; Kowia
nski et al., 2013; Hillman, 2014; Ward et al.,
2014). Spontaneous ﬂuctuations consume a substantial portion of the
brain's metabolism via cerebral blood ﬂow (Raichle and Mintun, 2006)
and, as such, it is reasonable to hypothesize that individual differences in
brain iron might be linked to differences in intrinsic functional
connectivity.
We aimed to extend the relationship between iron and task-related
brain activity to system-level intrinsic connectivity at rest. Iron content
was quantiﬁed using relaxometry R2*, a reliable marker of iron in ferritin
(Langkammer et al., 2010). This technique is highly correlated with
measurements of iron taken from postmortem brain tissue (Langkammer
et al., 2010; Deistung et al., 2013) and is used to study age-related differences in brain iron in vivo (Cherubini et al., 2009; Haacke et al., 2010).
Since no previous study has investigated the link between iron and
resting-state connectivity, we ﬁrst explored possible relationships between striatal iron and different RSNs identiﬁed by independent
component analysis [ICA (Calhoun et al., 2001);]. Alterations in striatal
connectivity have been demonstrated in disorders affecting the motor
system, such as Parkinson's disease (Helmich et al., 2009), but also in
normal aging (Ystad et al., 2011). Thus, we predicted that higher striatal
iron content would be related to lower local functional coherence within
the striatum which, in turn, would be related to less efﬁcient motor
processing. Moreover, given that the striatum is structurally connected to
virtually all cortical areas of the brain (Postuma and Dagher, 2006), the
degree of striatal-cortical connectivity could also be modulated by
striatal iron. Such possible associations within the striatum and/or between striatal and cortical regions would potentially be stronger in older
individuals (Kalpouzos et al., 2017).

2. Materials and methods
The study was approved by the Regional Ethical Review Board in
Stockholm. All participants signed an informed consent form prior to
data collection.
2.1. Participants
Forty-two (25 younger and 17 older) adults were included in this
study (Table 1). All participants were right-handed, did not report any
previous or current neurological or psychiatric diseases, and none was
taking psychoactive medication. The educational level was slightly lower
in the older group than in the younger group (p < 0.05). The two groups
did not differ in vocabulary (p ¼ 0.78) (Dureman, 1960). All participants
had a score 23 at the Montreal Cognitive Assessment (MoCA) (Nasreddine et al., 2005), which corresponds to a score of 28 on the
Mini-Mental State Examination (MMSE) (Roalf et al., 2013). Younger
subjects had higher MoCA scores than older subjects (p ¼ 0.03).
2.2. MRI acquisition
Participants were scanned on a Discovery MR750 3T scanner (General Electric, Milwaukee, WI, USA), using an 8-channel phased array
receiving coil at the MR Research Center of Karolinska Hospital Solna,
Stockholm. T1-weighted 3D IR-SPGR images were obtained with the
following parameters: voxel size ¼ 0.94  0.94  1 mm3, repetition time
[TR] ¼ 7.908 ms, echo time [TE] ¼ 3.06 ms, inversion time
[TI] ¼ 450 ms, ﬁeld of view [FOV] ¼ 24 cm, no gap, 176 axial slices, and
ﬂip angle 12 . Additionally, a 3D multi-echo gradient-recalled echo
sequence (meGRE) was acquired with the following parameters: voxel
size ¼ 0.94  0.94  1 mm3, TR ¼ 37.52 ms, FOV ¼ 24 cm, no gap, 146
axial slices, and ﬂip angle 20 . The ﬁrst TE was 3.74 ms, followed by
seven additional ones with a 3.75 ms interval between consecutive
echoes. Functional images were acquired with a Gradient Echo EPI
sequence: TR ¼ 2200 ms, TE ¼ 30 ms, FOV ¼ 22 cm, acquisition matrix
72  72 and slice thickness 3 mm, in-plane resolution 3  3 mm2, total
accelerated (R ¼ 2) EPI readout duration ¼ 16.4 ms, 47 axial slices acquired in an interleaved bottom/up order, 180 vol, and ﬂip angle 70 . To
avoid signals arising from progressive saturation, the ﬁrst 5 scans were
discarded from this sequence. The functional data were acquired during
resting-state (6 min and 30 s). Subjects were instructed to stare at a ﬁxation cross and think freely.
2.3. Preprocessing of the MRI data
2.3.1. Relaxometry and extraction from regions of interest
Transverse relaxation rates R2* were estimated by ﬁtting a monoexponential model to the square of the signal at each voxel of the meGRE
sequence (Deistung et al., 2013):
S2 ¼ S20 ⋅ exp (2 ⋅ TE ⋅ R2*),
where S is the measured signal magnitude, TE is the echo time, and S0 is
Table 1
Participants' characteristics.

N (Women)
Age (Mean  SD)
Age range
Educationb (max ¼ 3)
MoCA (max ¼ 30)
Vocabulary (max ¼ 30)
a

Younger group

Older group

25 (13)
36.2  4.4
26–42
2.8  0.4
28  1.6
24.4  2.8

17 (8)
70.1  3.1a
65–77
2.4  0.9a
26.8  1.9a
24.7  4.6

Age-group differences signiﬁcant at p < 0.05.
Education level was assessed according to the highest degree obtained
(1 ¼ lower school certiﬁcate; 2 ¼ high school; 3 ¼ university).
b
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the signal amplitude corresponding to TE ¼ 0. These analyses were performed with in-house software written in Python (www.python.org).
Average regional R2* values were extracted from the segmented
subcortical nuclei performed with the Freesurfer 5.3 image analysis suite
(http://surfer.nmr.mgh.harvard.edu/) (Fischl et al., 2002), after
removing 15% of the most extreme values to avoid inﬂuence of high
signal from neighboring vessels and obtain more robust estimates (for
details of the procedure see Kalpouzos et al., 2017). Striatal iron content
as reported in the present study is the average of the left and right
caudate and putamen.
R2* relaxometry is sensitive to myelin and, thus, may overestimate
iron concentration values. An alternative phase-based method, which
overcomes this bias and provides more sensitive and speciﬁc estimates of
iron is quantitative susceptibility mapping (QSM; Daugherty and Raz,
2015). QSM estimations were carried out for all but 3 participants, for
whom phase data were corrupted. Given the already modest sample size,
our main ﬁndings are based on R2* estimates, whereas results using QSM
are presented as complementary information. Data processing for QSM
estimates have already been described in detail in a previous study
(Garz
on et al., 2017).

within- or between-network connectivity, were computed for each subject. Within-network functional connectivity was quantiﬁed by
computing a measure of coherence and a voxel-wise measure of local
connectivity strength.
First, power spectra were estimated on the detrended and despiked
subject-speciﬁc TCs using the multi-taper approach as implemented in
Chronux (http://chronux.org; number of tapers ¼ 5; time-bandwidth ¼ 3; 129 frequency bins). Power spectra reﬂect coherence of
functional connectivity within a network with 129 frequency bins
[0–0.22 Hz]. To provide a more aggregated subject-speciﬁc measure, we
also computed the average power spectra across low-frequency bands
(0.009–0.1), which have been previously suggested to contain the most
relevant signal in spontaneous activity (van Dijk et al., 2010).
Second, the intensities in each component SM were used to compute a
voxel-wise connectivity strength measure (Calhoun et al., 2001). This
was done using a back-reconstruction with GICA3, an improved version
of dual regression (Erhardt et al., 2011). Thus, both coherence and intensity are measures of within-network connectivity, with the former
being based on each component's TCs, and the latter using each component's SM.
To determine the between-network connectivity of striatal components to other RSNs, we used a graph theoretical approach. The ICAderived RSNs (20 components) were taken as separate nodes of a
graph, where functional connectivity between ICs (Fisher's z-transformed
Pearson correlation coefﬁcients) represents edges of the weighted graph.
Degree centrality and strength were computed for each striatal component and each participant separately using functions implemented in the
brain connectivity toolbox [(Rubinov and Sporns, 2010), www.brainconnectivity-toolbox.net]. The measure of degree centrality was
deﬁned as the number of ICs positively connected to each striatal
network. Strength was deﬁned as the sum of positive weights from edges
connected to each striatal network and represents how strongly connected the network of interest (i.e., striatum) is to all other networks
identiﬁed with ICA.

2.3.2. Resting-state fMRI
Functional images were preprocessed using the Data Processing Assistant for Resting-State fMRI (DPARSFA) (Chao-Gan and Yu-Feng,
2010), which is based on the Statistical Parametric Mapping Software
(SPM; Wellcome Department of Imaging Science, Functional Imaging
Laboratory, University College London). The functional images were ﬁrst
corrected for differences in slice-time acquisition within each volume and
motion corrected. This was followed by a within-subject rigid registration in order to align functional and structural images. Next, motion was
regressed out using the Friston 24-parameters model (Yan et al., 2013).
Finally, the realigned nuisance-corrected images were non-linearly
normalized to a sample speciﬁc template created with Diffeormorphic
Anatomical Registration using Exponentiated Lie Algebra (DARTEL),
afﬁne aligned to the Montreal Neurological Institute (MNI) template, and
smoothed using a 6 mm full-width at half-maximum (FWHM) Gaussian
ﬁlter.

2.5. Motor performance: Purdue Pegboard task
The Purdue Pegboard task (Tifﬁn and Asher, 1948) is divided into
four sub-sections and measures both unilateral and bilateral ﬁne manual
dexterity. It includes a board with two parallel vertical rows, each with
25 peg-holes, and compartments with three types of objects at the top
(pins, collars, and washers). In the ﬁrst test, one has to place the
maximum number of pins within 30 s using the dominant hand; in the
second and third test, the task is the same but one has to use the other
hand and both hands at the same time, respectively. The last section
requires the subject to use alternate hands to make assemblies of 4 objects (pin – washer – collar – washer) within 60 s. This yields four
separate scores: 1 and 2) number of pins inserted, 3) number of pairs of
pins, and 4) number of assemblies. The task was chosen given the high
test-retest reliability reported in the literature (Desrosiers et al., 1995;
Buddenberg and Davis, 2000), and the fact that different subtests may
reﬂect different levels of motor and cognitive speed, and coordination.
Although the task is most commonly known for simple motor skills,
performing it with the left non-dominant hand may be more attentionally
demanding (Spreen and Strauss, 1998; Strenge et al., 2002; Cowan et al.,
2009). Moreover, while studies have shown that the Purdue Pegboard
Test with the dominant hand relies primarily on ﬁnger dexterity
(Fleishman and Ellison, 1962), the assembly subtest seems to additionally measure arm-hand control and attention (Spreen and Strauss, 1998;
Strenge et al., 2002).

2.4. Group ICA and ICA-driven measures
Independent Component Analysis (ICA) was applied to the restingstate images using the group ICA fMRI toolbox (GIFT v2.0a; Calhoun
et al., 2001; Allen et al., 2011). ICA is a multivariate data-driven
approach that identiﬁes independent spatial maps (SMs) and respective
time courses (TCs) from the fMRI signal. First, the time-series in each
voxel were intensity-normalized in order to improve accuracy and
test-retest reliability (Allen et al., 2011). The resulting volumes were then
concatenated across time. The optimal number of independent sources
was estimated by minimum description length criteria (MDL), resulting
in a total of 30 independent components (ICs) (Calhoun et al., 2001). A
two-step data reduction was performed with Principal Component
Analysis (PCA): a subject-speciﬁc data reduction step was carried out in
order to decrease computational complexity while preserving most of the
information in the data, followed by a group-level data reduction step
according to the estimated number of ICs. After data reduction, ICA was
performed using the Infomax algorithm to optimally extract the 30
identiﬁed ICs (Allen et al., 2011). Finally, a back-reconstruction was
carried out, and SMs and respective TCs were computed for each subject
using GICA3 (Erhardt et al., 2011).
After visually inspecting all 30 ICs and comparing their topology to
those of previous studies, 20 were considered to represent relevant RSNs
(Supplementary A). These networks exhibited spatial overlap with RSNs
identiﬁed in previous studies (Biswal et al., 2010; Allen et al., 2011),
showed peak activation in the gray-matter, and had little to no overlap
with ICs known to reﬂect vascular, ventricles, motion, and susceptibility
artifacts. Four ICA-driven measures, reﬂecting different aspects of

2.6. Statistical analyses
2.6.1. Age differences in striatal iron content
In order to track possible outliers, the Outlier Labeling Rule was
applied (Tukey, 1977). This was done by computing the upper and lower
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limits using the following formula: Q3 þ (2.2 * (Q3 – Q1)) and Q1 – (2.2 *
(Q3-Q1)), where Q1 is the lower quartile (25th percentile of the data), Q3
is the upper quartile (75th percentile), and 2.2 is the g-value (Hoaglin
and Iglewicz, 1987). After this, we used a two-sample t-test to determine
whether there was an age difference in striatal iron content.

et al., 2011; Salami et al. 2014, 2016; Avelar-Pereira et al., 2017), these
RSNs encompassed the auditory cortex, insula, fronto-parietal regions,
cerebellum as well as several visual, sensory-motor, default mode, and
attentional networks (Supplementary A). Critically, two striatal components, including the caudate and putamen networks were part of the
observed patterns. More speciﬁcally, the putamen network encompassed
the bilateral putamen, whereas the caudate network included bilateral
caudate regions, the anterior cingulate and inferior frontal cortex (Fig. 1).
Two different ICA-driven measures were computed for the two networks
of interest. They consisted of 1) a component average power spectrum,
reﬂecting the level of coherence within a network and 2) the intensities
in each component SM, indicating local connectivity strength for every
voxel within the network.

2.6.2. Resting-state networks and iron content
2.6.2.1. Striatal within-network connectivity. We applied a multivariate
model selection strategy to identify possible covariates and reduce the
number of subsequent univariate tests, thus decreasing the risk of
spurious ﬁndings. This method is similar to a standard analysis of variance (ANOVA) followed by pairwise comparisons, but instead uses a
multivariate analysis of covariance (MANCOVA), testing if each of the
predictors explains variability (Allen et al., 2011). Our design matrix
included age, iron, as well as an age x iron interaction as covariates of
interest. In addition, sex was included as a covariate of no interest. We
included connectivity strength and power spectra in each network as
dependent variables.
Based on the results of the multivariate analysis, we restricted the
analyses to power spectra and independent components corresponding to
the caudate and putamen. These analyses were followed by partial correlations between striatal iron and power spectra for both networks,
while controlling for age and sex. This was done for the entire sample,
followed by within-group analyses.

3.3. Intrinsic resting-state connectivity and iron content
We applied a multivariate model selection strategy to determine the
effect of iron on RSNs SMs connectivity strength and coherence. This was
done while accounting for variance associated with age and sex. Results
from the multivariate analysis are displayed in Fig. 2. As expected, we
found a signiﬁcant effect of age and sex on the SMs of several RSNs.
Similarly, age and sex also had a signiﬁcant effect on the level of
coherence in some of the networks. There was no effect of striatal iron
(R2* rate) on SMs, but a signiﬁcant association between R2* rate and
coherence was found for two components: the caudate and putamen
networks. The interaction between iron and age was not signiﬁcant.
There were also no age-group differences in coherence for either the
caudate (t (40) ¼ 1.67, p ¼ 0.1) or putamen (t (40) ¼ 0.24, p ¼ 0.8).
Follow-up univariate analyses revealed a decrease in low frequency
power with increasing iron for both the caudate and putamen (Fig. 2A).
The effect was primarily found between 0.01 and 0.10 Hz, which is
consistent with the frequency range associated with spontaneous ﬂuctuations of RSNs. This suggests that higher iron content was associated
with lower functional connectivity as measured using time-course power
spectra (Cordes et al., 2001; Sun et al., 2004).
Further univariate analyses with average coherence across the RS
frequency bins exhibited a signiﬁcant negative association between
striatal iron R2* rate and coherence of the caudate (r ¼ - 0.41, p ¼ 0.008;
False Discovery Rate (FDR) corrected: p ¼ 0.040) and putamen
(r ¼ 0.32, p ¼ 0.047; FDR corrected: p ¼ 0.078) RSNs across the whole
sample (Fig. 2B). Within-group analyses revealed a signiﬁcant association between striatal iron and coherence of the caudate RSN in the older
group (r ¼ 0.53, p ¼ 0.04), but not in the younger group (r ¼ 0.24,
p ¼ 0.27); however these two correlations were not signiﬁcantly different
(p ¼ 0.32). There were no signiﬁcant associations for the putamen RSN
within age groups (younger: r ¼ - 0.11, p ¼ 0.60; older: r ¼ - 0.32,
p ¼ 0.24).
We also ran these analyses using QSM, despite having a smaller
sample size available and, consequently, reduced statistical power. In
line with the literature (Deistung et al., 2013), striatal R2* and QSM were
highly correlated in our sample (r ¼ 0.762, p < 0.001). The results using
QSM pointed in the same direction as those using R2*. Speciﬁcally, the
association between QSM and coherence in the caudate (r ¼ 0.398,
p ¼ 0.015) remained signiﬁcant, whereas the association to the putamen
(r ¼ 0.301, p ¼ 0.07) was at trend level. Finally, the correlation between QSM and degree centrality in the putamen (r ¼ 0.482, p ¼ 0.002)
was also signiﬁcant.
Taken together, higher levels of striatal iron were associated with
lower intra-striatal intrinsic connectivity across the whole sample,
especially of the caudate network. This association was more pronounced
in the older group, most notably for the caudate network.

2.6.2.2. Between-network connectivity. As the striatum is well-connected
to most cortical regions, we had also hypothesized that iron could inﬂuence striatal-cortical functional connectivity. As such, we investigated
whether striatal iron modulated connectivity between the caudate and
putamen networks to the rest of the brain. This was done by performing
partial correlations between striatal iron content and the two betweennetwork connectivity measures (degree centrality and strength) for the
caudate and putamen. All analyses were carried out for the whole group
and within age groups, and were controlled for age and sex. When
necessary, a comparison between correlations was conducted using the
Steiger's z-test.
2.6.2.3. Striatal resting-state networks, iron content, and motor performance. Given the well-established link between putamen and motor
function (Mattay et al., 2002; Leh et al., 2007; Di Martino et al., 2008),
we tested for correlations between coherence in the putamen RSN and
the Purdue Pegboard motor task scores. We expected that the putamen
would correlate with all subtests but more strongly with the dominant
(right) hand given that it reﬂects the most pure motor dexterity measure.
Finally, we also tested for possible correlations between the caudate RSN
and motor performance. All analyses were controlled for age and sex in
the entire sample and within age groups.
3. Results
3.1. Age differences in striatal iron content
The Outlier Labeling Rule (see Materials and Methods) showed that
none of the subjects should be excluded from the analyses based on iron
content. One subject collided with the upper-limit, but was not an outlier
in the connectivity measures and was also the oldest subject in the sample,
and thus likely to have the highest iron content. The two-sample t-test
indicated that iron content (R2* rate) in the striatum was signiﬁcantly
higher in the older than in the younger group (t ¼ 3.807, p ¼ 0.001).
3.2. Mapping resting-state networks

3.4. Between-network connectivity and iron content

The ICA estimated a total of 30 ICs, 20 of which were considered to
reﬂect RSNs. In line with previous reports (Biswal et al., 2010; Allen

In the previous analyses, we showed that striatal iron affects intranetwork coherence in striatal circuits. However, it remains unknown
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whether iron also impacts connectivity between the striatum and other
RSNs. As such, we investigated whether striatal iron modulated the degree centrality and/or strength of the striatal components. The results
showed that striatal iron was negatively associated with degree centrality
of the putamen across the two groups (r ¼ - 0.42, p ¼ 0.007; FDR corrected: p ¼ 0.02; Fig. 3). Within age-group analyses revealed that this
negative association was present in the older (r ¼ - 0.55, p ¼ 0.03) but not
in the younger (r ¼ - 0.3, p ¼ 0.12) group. The correlation between iron
in the striatum and strength of the putamen network did not reach
conventional signiﬁcance (r ¼ 0.22, p ¼ 0.18). No signiﬁcant association was found between striatal iron with either degree (r ¼ 0.04,
p ¼ 0.82) or strength (r ¼ 0.03, p ¼ 0.86) of the caudate RSN across the
whole group.
Altogether, these ﬁndings suggest that higher striatal iron content
was associated with a decrease in functional cross-talk between the putamen and other RSNs across both age groups. Moreover, this association
was more pronounced in the older group.

performed control analyses adjusting for striatal volume, which revealed
very similar results to the ones reported in previous sections [Supplementary B]. A similar analysis was carried out with white-matter
hyperintensities (WMH) as a covariate of no interest. This analysis also
yielded very similar results to the ones reported above [details in Supplementary C]. Given that decreases in signal-to-noise ratio (SNR) are
associated with increases in R2* values, we have taken SNR in the
components of interest as a covariate [Supplementary D]. Importantly,
we also tested for an association between SNR and R2* in the caudate
(r ¼ 0.1, p ¼ 0.537) and putamen (r ¼ 0.0021, p ¼ 0.897) but these
were not signiﬁcant. Finally, we were also interested to know whether
the relationship between iron R2* and motor performance was mediated
by functional connectivity. For this, we have performed a tentative
mediation analysis with iron as the predictor variable, functional connectivity as the mediator, and motor performance as the outcome variable [Supplementary E]. We found that functional connectivity mediated
the relation between iron and motor performance.

3.5. Striatal resting-state networks, iron content, and motor performance

4. Discussion

Based on well-established links from previous literature, we hypothesized that the caudate and putamen networks would tax executive and
motor processes (Middleton and Strick, 2000; Gerardin et al., 2004;
Monchi et al., 2006; Postuma and Dagher, 2006; Di Martino et al., 2008;
Choi et al., 2012; Pauli et al., 2016; Haber, 2016). To investigate this, we
tested for associations between the caudate and putamen and the Purdue
Pegboard task. No signiﬁcant correlations were found between caudate
resting-state measures and any of the tasks (p > 0.05). We found a signiﬁcant positive association between coherence of the putamen RSN and
task performance with the dominant (right) hand (r ¼ 0.45, p ¼ 0.04)
across both age groups (Fig. 4). However, there were no associations with
either the left hand or the assembly task (p > 0.05). Correlations between
striatal iron and the motor task at a whole-group level did not survive
after controlling for age and sex. However, more exploratory analyses
showed that, after performing a median split and looking only at individuals with high iron content in the caudate and putamen compared to
others in the same age group, there was a signiﬁcant association between
striatal iron and motor performance with the dominant hand
(r ¼ 0.539, p ¼ 0.047) across the sample.

Our main aim was to investigate the relationship between striatal iron
content and inter-individual differences in resting-state functional connectivity, and whether age affected this association. We have demonstrated for the ﬁrst time that striatal iron was associated with functional
connectivity in striatal resting-state networks. More speciﬁcally, higher
iron content correlated with lower coherence within the caudate and
putamen networks. Our results also indicated that iron modulated connectivity of striatal networks to the rest of the brain. In general, these
associations seemed to be more pronounced in the older group, however
this should be interpreted with caution given that there were no group
differences in degree of correlation between iron and functional connectivity. Finally, we showed that functional connectivity features
affected by iron are behaviorally meaningful, so that the level of coherence within the putamen correlated with performance in a motor task.
Overall, the present work makes a contribution to the literature on iron
accumulation and its relation to functional brain integrity and cognition.
Currently, little is known about the factors that modulate brain iron
levels, including those that are modiﬁable (e.g., life style; for a review see
Kalpouzos, in press). Investigating these factors may help preventing or
slowing down age-related iron accumulation and, consequently, preserving brain integrity.
Higher levels of iron in the striatum were associated with lower
resting-state coherence within the caudate and putamen networks. This
association was more pronounced in the older group, especially for the
caudate, suggesting that increased iron accumulation has a greater
impact on striatal functional architecture in older age. As no study has

3.6. Control analyses
Although there was no relationship between striatal R2* rate and
striatal volume in our sample (r ¼ 0.2, p ¼ 0.2), prior work on the
relationship between striatal iron and cognitive and brain measures indicates that these may be confounded by striatal volume. As such, we

Fig. 1. Maps of the caudate and anterior cingulate cortex (in blue) and putamen (in red) networks.
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Fig. 2. Relation between iron content and resting-state networks: (A1) Effect of
iron on SMs connectivity strength and TCs power spectra across various frequency bins for different ICs; (A2) The signiﬁcant effect of iron on the caudate
and putamen RSNs was found primarily within the frequency range associated
with spontaneous ﬂuctuations; (B) Negative correlation between striatal iron
content (R2* rate) and (B1) coherence of the caudate RSN across the whole
sample, (B2) coherence of the putamen RSN across the whole sample.

previously investigated associations between brain iron and functional
connectivity, the nature of the relationships we describe in this study and
their underlying mechanisms are still poorly understood. Previous work
suggests that iron interferes with the BOLD signal (Kalpouzos et al.,
2017), which is itself related to brain metabolism. Moreover, neurophysiological studies have provided support for a tight coupling between
coherent spontaneous activity and brain metabolism (Liang et al., 2013;
Jann et al., 2015; Salami et al., 2016; Bernier et al., 2017). This relationship might be reduced with advancing age and thus, it is possible that
iron impacts spontaneous activity via alterations in brain metabolism.
Finally, iron increases in the striatum might be threshold-dependent and
become detrimental in old age only, after iron accumulation reached a
speciﬁed level. Nonetheless, longitudinal studies with other neuroimaging measures (e.g., perfusion and spectroscopy) are needed to shed
light on the exact mechanisms underlying the association between iron
and resting-state connectivity.
The lack of association between iron and SMs indicates that the
relationship between iron and functional connectivity is perhaps more
sensitive to oscillations in activity than to local strength within a
network, that is, the shape of a network (Allen et al., 2012). This ﬁnding
may suggest that the effect of iron on coherence is perhaps more lasting
than its effect on SMs. This hypothesis ﬁnds support from a study that
showed that alcohol and substance use were associated with widespread
differences in resting-state power spectra, with no impact on SMs
(Thijssen et al., 2017). Moreover, a number of previous studies have
shown that the Amplitude of Low Frequency Fluctuation (ALFF), which
corresponds to the square root of the power spectra, is a more sensitive
measure compared to its corresponding conventional functional connectivity (Zuo et al., 2010; Wang et al., 2012; Tadayonnejad et al., 2015).
The reason why, in our study, power spectrum seems more sensitive to
iron is unclear. SM intensities correspond to the shape of a given network,
so it is plausible that a substantial effect of iron would be necessary to
elicit changes in this measure. Since the effect of iron in functional
connectivity is perhaps less pronounced, it might ﬁrst impact coherence
in regional time-series, which, in turn, could progressively deteriorate
networks' shape.
The second aim of our study was to investigate whether iron in the
striatum modulated the relationship between striatal resting-state networks to the rest of the brain. We were speciﬁcally interested in whether
the inﬂuence of iron was restricted to connectivity within the striatum, or
if it was also related to connectivity with other brain regions. We
measured both strength and degree centrality, which represent 1) how
much the rest of the brain communicates with the caudate and putamen
and 2) how many other networks communicate with the caudate and
putamen. Degree centrality is usually measured in graph theory when
deﬁning hubs, so that a region that has many possible connections with
other regions will be a potential hub (Bullmore and Sporns, 2009; Zuo
et al., 2011; Kaboodvand et al., 2018). Given that the striatum is virtually
connected to most of the brain, it is relevant in this context to not only
investigate if the level of connectivity between striatal networks to other
brain networks is inﬂuenced by striatal iron, but to also measure the
number of networks possibly affected. The correlation between iron and
strength of the putamen was negative but did not reach statistical signiﬁcance. However, our results showed that iron was negatively associated with degree centrality of the putamen across the sample, and that
this effect was mostly driven by the older group. This indicates that
higher levels of iron in the striatum were associated with less communication between the putamen and the rest of the brain, and implies that

(caption on next column)
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et al., 2016). A follow-up mediation analysis suggested that coherence in
the putamen might mediate the association between iron and motor
performance. This is in line with a previous study where functional
connectivity was also found to mediate the link between cognition and a
different molecular measure, dopamine (Nyberg et al., 2016). No associations were found between the caudate network and task performance.
Although the association between coherence in the putamen and performance should be interpreted with caution due to a lack of control for
multiple comparisons, it is important to note that the Purdue Pegboard
task is primarily motor-dependent and reﬂects both motor and cognitive
speed as well as coordination. The assembly test is perhaps more attentionally demanding but its focus is still on ﬁne motor skills and action
planning. Thus, it might not be ideal for the study of executive functions.
In the future, other tasks tapping executive functions should be used.
Previous work has also shown that higher levels of iron in the basal
ganglia were negatively associated to both executive and psychomotor
functioning (Ghadery et al., 2015). Although we failed to see any direct
associations between iron and task performance, post-hoc analyses
showed that, for individuals with high iron content in the caudate and
putamen, there was a negative association between iron and task performance. There is evidence suggesting that manual dexterity may be
more sensitive to iron content than executive functions (Li et al., 2015),
which could explain why we only found an association when the task was
performed with the dominant hand since that would represent the closest
measure to optimal manual dexterity. There is also evidence suggesting
that the relation between iron and cognitive functioning is more evident
(or perhaps stronger) in the putamen or pallidum, whereas relationships
between iron in other brain regions, including the caudate, and cognition
show less consistent patterns (Ghadery et al., 2015). It is also plausible
that iron accumulation in the caudate did not reach an extent that would
damage functional connectivity and, consequently, lead to cognitive
impairments (Li et al., 2015). Future studies should investigate these
links using different measures of motor and executive functions and
larger sample sizes.
There are some limitations to our work. First, although R2* has been
widely validated as an in vivo measure of iron in the brain (Langkammer
et al., 2010), it is also susceptible to myelin which might have biased our
ﬁndings. Results using QSM were similar to those reported with R2*,
although there was one association that did not reach statistical signiﬁcance. This may be due to reduced statistical power given that QSM could
not be computed for the whole sample. Second, current estimates of iron
cannot differentiate between non-heme and heme iron even though we
are only interested in the former. It is reasonable to assume that R2*
mostly detects ferritin and thus measures iron content. However, the
contribution of circulating blood in living tissues remains a concern.
Given that we only found associations with striatal networks (not with
other networks where cerebral blood ﬂow [CBF] is also a confounding
factor), it seems unlikely that blood perfusion is driving the main ﬁndings
present in this study but we cannot rule out its inﬂuence. Future studies,
where CBF is also collected, should use this measure as a potential covariate. Another limitation of our study is its small sample size and
cross-sectional nature, which does not allow us to investigate changes in
the relationship between iron content and functional connectivity.
Moreover, cross-sectional estimates of age-related changes may deviate
from those found in longitudinal studies (Nyberg et al., 2010).
In summary, iron in the striatum affects functional coherence in
striatal networks as well as connectivity with distant brain areas. Moreover, these effects are more pronounced in older adults. We have also
shown that functional coherence in the putamen network is related to
motor dysfunction. Nonetheless, in this study, we cannot establish causal
relations between iron content and functional connectivity or motor
performance. Our results shed some light into the functional consequences of iron accumulation in normal aging, but future longitudinal
studies with a larger sample size and an extensive cognitive test battery
are needed to understand possible effects of brain iron overload on agerelated within- and between-network disruptions associated with motor

Fig. 3. Negative correlation between striatal iron content (R2* rate) and degree
centrality of the putamen RSN across the whole sample.

Fig. 4. Positive correlation between coherence of the putamen and task performance with the dominant (right) across age groups.

striatal iron accumulation might have a broad inﬂuence on striatal dynamics. If the effects of iron are indeed threshold-dependent, it is understandable that these disruptions are more pronounced for the
putamen (Schenck and Zimmerman, 2004; Pfefferbaum et al., 2009;
Ghadery et al., 2015). Post-hoc analyses showed that subjects have less
iron in the caudate compared to the putamen, even after controlling for
corresponding brain volume in these regions. This suggests that,
although coherence within both the putamen and caudate networks
might be inﬂuenced by iron accumulation, spillover effects to other brain
regions may occur for the putamen, whereas connectivity between the
caudate and the rest of the brain could remain relatively intact. Consistent with this argument, a previous resting-state study demonstrated that
the degree of connectivity of the putamen (but not the caudate) with both
task-positive (e.g., motor) and task-negative (e.g., DMN) networks
decreased with advancing age (Manza et al., 2015).
Given a well established link between motor functions and the
striatum in general, and putamen in particular (Mattay et al., 2002; Leh
et al., 2007; Di Martino et al., 2008), we predicted that an iron overload
would be associated to lower coherence within the striatum and,
consequently, to worse motor performance. The results showed a positive
correlation between coherence within the putamen network and motor
performance in the Purdue Pegboard task using the dominant hand. This
is in line with studies that have shown a link between connectivity in the
striatum and motor performance (Wu et al., 2010, 2015a, 2015b; Manza
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and cognitive decline.
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