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A B S T R A C T   

Brain iron is vital for core neurodevelopmental processes including myelination and neurotransmitter synthesis 
and, accordingly, iron accumulates in the brain with age. However, little is known about the association between 
brain iron and neural functioning and how they evolve with age in early infancy. This study investigated brain 
iron in 48 healthy infants (22 females) aged 64.00 ± 33.28 days by estimating R2 * relaxometry from multi-echo 
functional MRI (fMRI). Linked independent component analysis was performed to examine the association be
tween iron deposition and spontaneous neural activity, as measured by the amplitude of low frequency fluctu
ations (ALFF) by interrogating shared component loadings across modalities. Further, findings were validated in 
an independent dataset (n = 45, 24 females, 77.93 ± 26.18 days). The analysis revealed developmental coupling 
between the global R2 * and ALFF within the default mode network (DMN). Furthermore, we observed that this 
coupling effect significantly increased with age (r = 0.78, p = 9.2e-11). Our results highlight the importance of 
iron-neural coupling during early development and suggest that the neural maturation of the DMN may corre
spond to growth in distributed brain iron.   

1. Introduction 

Iron is an essential metabolic cofactor that plays a crucial role in 
regulating neural activity. It is involved in many neural processes, 
including myelination, the synthesis and metabolism of neurotransmit
ters such as dopamine and serotonin, also the electron transport chain, 
which provides energy to neurons to maintain their activity (Rouault, 
2013; Ward et al., 2014b). In neuroimaging studies of adults and aging 
populations, disruptions in neural circuits have been observed when 
excessive brain iron accumulation and poorer cognitive performance are 
present, suggesting a close relationship between iron and neural func
tion. For example, striatal iron concentration is negatively associated 
with neural activity both in resting-state (Salami et al., 2018) and during 
cognitive tasks (Kalpouzos et al., 2017; Zachariou et al., 2020). In the 
context of human development, iron and functional networks change 
throughout childhood to support neurocognitive maturation (Larsen and 
Luna, 2015; Ning et al., 2014). Studies of typically developing children 
have shown that both brain iron and neural activity are linked to various 

domains of cognitive performance (Larsen et al., 2020a), including 
working memory (Darki et al., 2016; Sala-Llonch et al., 2012), pro
cessing speed (Hect et al., 2018; Wang et al., 2022), and IQ (Carpenter 
et al., 2016; Hect et al., 2018). Deficient brain iron concentration and 
altered neural activity have also reliably been reported in populations 
with neurodevelopmental disorders, including attention deficit hyper
activity disorder (ADHD) (Adisetiyo et al., 2014a; Cortese et al., 2012b; 
Yu-Feng et al., 2007) and autism (Karavallil Achuthan et al., 2023; Tang 
et al., 2021). While these observations suggest a relationship between 
iron and neural function, it remains unclear what role iron may be 
playing in the initial early development of neural functioning, as well as 
how this role evolves with age. 

Early infancy is a critical developmental phase characterized by 
heightened plasticity, as the brain undergoes rapid growth and expan
sion (Knickmeyer et al., 2008). During this phase, there is a surge of 
axonal myelination and dendritic arborization, and rapid accruement of 
functional synaptic contacts (Brody et al., 1987; Petanjek et al., 2011), 
all of which heavily rely on brain iron (Connor and Menzies, 1996). MRI 

* Correspondence to: One Park Avenue, 8th Floor, New York, NY 10016, USA. 
E-mail address: lanxin.ji@nyulangone.org (L. Ji).  

Contents lists available at ScienceDirect 

Developmental Cognitive Neuroscience 

journal homepage: www.elsevier.com/locate/dcn 

https://doi.org/10.1016/j.dcn.2023.101326 
Received 25 July 2023; Received in revised form 30 October 2023; Accepted 15 November 2023   

mailto:lanxin.ji@nyulangone.org
www.sciencedirect.com/science/journal/18789293
https://www.elsevier.com/locate/dcn
https://doi.org/10.1016/j.dcn.2023.101326
https://doi.org/10.1016/j.dcn.2023.101326
https://doi.org/10.1016/j.dcn.2023.101326
http://creativecommons.org/licenses/by-nc-nd/4.0/


Developmental Cognitive Neuroscience 64 (2023) 101326

2

studies in infants show that iron continually accumulates in deep gray 
matter from the perinatal period through to adulthood (Cabral et al., 
2023a; Cabral et al., 2023b; Ning et al., 2019; Raab et al., 2022; Zhang 
et al., 2019). In infancy, cord ferratin levels are found to be related to 
motor and cognitive behavior at 5 years of age (Tamura et al., 2002), 
and lower cognitive function caused by iron deficiency during infancy 
persist even after iron therapy (Georgieff, 2011; Lozoff et al., 2006). 
These findings suggest the pivotal role of iron during infancy in setting 
long-term developmental trajectories in cognitive function. As iron is a 
critical metabolic cofactor for core cellular processes, the increasing 
demand of iron aligns with the continuing increase of brain metabolism 
in development (Kuzawa et al., 2014). At the same time, brain neural 
activity, is also sensitive to developmental change and closely linked to 
brain metabolism (Aiello et al., 2015). The neural activity during rest 
has been shown to increase from 2 to 6 years of age in regions within the 
Default Mode Network (DMN) and frontoparietal network, and to 
decrease in the superior parietal lobe and superior temporal gyrus across 
this age range (Long et al., 2017), though the neural activity changes 
prior to the age of 2 years remain less characterized. Given the vital 
metabolic role of iron and the close relationship between neural and 
metabolic activity, we hypothesize that there is an association between 
iron and neural activity, partially driven by metabolic function. Inves
tigating the relationship between brain iron and neural activities during 
early infancy could provide insight into the etiology of functional net
works and inform novel insight into the processes that guide brain or
ganization during early developmental stages. 

To evaluate the paring between iron and neural activity, proxies for 
both regional iron concentration and brain activity are needed. Several 
magnetic resonance imaging (MRI) methods are sensitive to brain iron 
including the transverse relaxation rate R2* measured from MR images 
acquired at different echoes, and quantitative susceptibility mapping 
(QSM) (Haacke et al., 2005; Schenck and Zimmerman, 2004). Both R2* 
and QSM have shown high reproducibility (Hametner et al., 2018) and 
strong correlations with postmortem iron measures (Langkammer et al., 
2010; Langkammer et al., 2012). These techniques are widely used to 
study age-related changes of iron and to serve as a marker of individual 
differences as well as dysfunction (Hect et al., 2018; Larsen et al., 
2020a). With regard to measurement of neural activity, the amplitude of 
low-frequency fluctuations (ALFF) in resting-state functional MRI 
(fMRI) blood oxygen level dependent (BOLD) signal can be used as a 
proxy (Biswal et al., 2010; Zang et al., 2007; Zou et al., 2008). ALFF is 
defined as the power within the low-frequency range (around 0.01–0.1 
Hz), for the time course of each voxel (Zang et al., 2007). The rationale 
for the use of ALFF is based on the assumption that slow fluctuations in 
neural activity are a fundamental feature of the resting brain, and their 
presence is essential for determining correlated activity between brain 
regions (Tomasi and Volkow, 2018; Zuo et al., 2010). ALFF varies across 
brain regions and between subjects and is highly correlated with 
simultaneously recorded maps of glucose metabolism, making it a strong 
proxy for neural activity (Aiello et al., 2015). 

In the present study, we employed BOLD ALFF and R2* MRI tech
niques to provide the first empirical evaluation of intrinsic cortical ac
tivity and brain iron coupling across the first 150 days of life. Multi-echo 
fMRI was used to simultaneously acquire both metrics, as it provides a 
unique opportunity to examine the two measures concurrently. By 
exploring the link between brain iron and neural activity during this 
crucial developmental period, we could gain understanding of the role of 
iron in driving brain functional organization during the early stages of 
development. We hypothesized that brain regions with higher meta
bolism, such as the DMN and the deep gray matter, would exhibit a 
coupled increase in R2* and ALFF, and that this effect would be 
strengthened with advancing age. 

2. Methods and materials 

2.1. Participants 

2.1.1. Detroit cohort 
Sixty-three MRI scans were collected from 57 healthy infants (28 

females, 25–144 days after birth) between 2013 and 2018 as part of the 
Perinatal Imaging of Neural Connectivity (PINC) project, from the 
Detroit Medical Center (Detroit data). Eligibility criteria included 
singleton pregnancy, maternal age 18–40, no suspected central nervous 
system abnormality as determined by 20-week ultrasound, and no 
contraindication for MRI. The Wayne State University Institutional Re
view Board approved all study procedures, and informed written con
sent was provided by participating pregnant people. 

2.1.2. New York cohort 
To evaluate the reproducibility of our findings, we employed an in

dependent dataset in this study including 45 infants (24 females, 38–154 
days after birth) drawn from the COVID-19 Perinatal Experiences 
(COPE) cohort, recruited across the New York area during 2021–2023. 
Eligibility criteria included parent over 18 years old, lack of any con
traindications for infant MRI, and infant cardiac abnormalities. The New 
York University Institutional Review Board approved the study pro
cedures and informed consent was provided by participants using 
REDCap. 

2.2. MRI acquisition protocol 

2.2.1. Detroit cohort 
Participants were scanned on a 3T Siemens Verio scanner, with a 32- 

channel head coil, using one of three sets of acquisition parameters, as 
detailed below. (i) 12-min multi-echo (ME) fMRI (360 volumes): TR =
2000 ms; TE = 13, 26.07, 39.14 ms; flip-angle: 83 degrees; slice-gap: 
none; voxel-size: 3.5 × 3.5 × 3.5 mm3; matrix-size: 64 × 64 × 39 vox
els (N = 11 scans). (ii) 12-min multi-band (MB) ME fMRI scan (480 
volumes): TR = 1500 ms; TE = 15, 30.72, 46.44 ms; flip-angle: 83 de
grees; slice-gap: none; voxel-size: 2.9 × 2.9 × 2.9 mm3; matrix-size: 64 
× 64 × 48 voxels, multi-band factor = 2 (N = 7 scans). (iii) 7-min MB ME 
fMRI scan (420 volumes): TR = 1000 ms; TE = 14.6, 36.68, 58.76 ms; 
flip-angle: 52; slice-gap: none; voxel-size: 2.5 × 2.5 × 2.5 mm3; matrix- 
size: 80 × 80 × 44 voxels, multi-band factor = 4 (N = 45 scans). 

2.2.2. New York cohort 
Participants were scanned on a 3T Siemens Prisma scanner, with a 

32-channel head coil. FMRI data was collected with following acquisi
tion parameters: TR = 2000 ms; TE = 13, 30.88, 48.16, 65.44 ms; flip- 
angle: 75 degrees; slice-gap: none; voxel-size: 2.8 × 2.8 × 2.8 mm3; 
matrix-size: 68 × 68 × 44 voxels. 

2.3. FMRI Pre-processing 

We employed a combination of functions provided by FSL (Jenkin
son et al., 2012, https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/) and SPM (Fris
ton, 2003, https://www.fil.ion.ucl.ac.uk/spm/) software to preprocess 
the multi-echo fMRI data. The infant brain was extracted using FSL’s 
Brain Extraction Tool (BET, Smith, 2002), and motion correction was 
estimated based on the first echo via “FSL mcflirt” (Jenkinson et al., 
2002). The resulting alignment parameters were applied to the 
remaining echoes. The root-mean-square of voxel-wise differentiated 
signal (DVARS) (Power et al., 2012) were estimated based on alignment 
parameters using fsl_motion_outliers (Jenkinson et al., 2002). Volumes 
with DVARS greater than 50 were marked as outliers (censored frames). 
One frame before and two frames after these volumes were flagged as 
censored frames as recommended in prior literature (Li et al., 2019). 
FMRI runs with more than half of the volumes labeled as censored 
frames were excluded. 
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The motion-corrected data were then denoised using TE-Dependent 
Analysis (Tedana, (DuPre et al., 2021; Kundu et al., 2012)). In brief, 
the optimal combination of the three echoes was calculated, and the 
echoes were merged to produce a single, optimally weighted time series 
(included in the Tedana package). Principle component analysis was 
applied to remove thermal noise and a subject-level independent 
component analysis was then performed to differentiate BOLD signal 
and noise. This was achieved by well-established characteristics of the 
T2* signal decay of the BOLD signal and noise. Components classified as 
noise were discarded, and the remaining components were recombined 
to construct the optimally combined, denoised timeseries. 

Following the Tedana denoising, fMRI images were normalized to 
the UNC neonatal template (Shi et al., 2017) and smoothed with a 4 mm 
gaussian kernel using SPM. Additional CompCor denoising of the BOLD 
timeseries (Behzadi et al., 2007) was performed using CONN toolbox 
(Whitfield-Gabrieli and Nieto-Castanon, 2012). This process regresses 
out signals from noise regions in white matter and cerebrospinal fluid 
(CSF). Within CONN, we computed the amplitude of low-frequency 
fluctuations (ALFF), which is the average power of low-frequency 
(0.008–0.09 Hz) fMRI signal, to index the overall level and coherence 

of intrinsic cortical activity. 
T2* maps were automatically generated by Tedana toolbox. In brief, 

the estimation of T2* involves fitting a monoexponential decay model to 
the data collected across echoes. T2* corresponds to the rate at which a 
voxel decays over time, and this rate is related to signal dropout and 
BOLD sensitivity (Kundu et al., 2012). The warping matrices obtained 
from the fMRI normalization were then used to convert corresponding 
T2* maps from individual space to template space. 

2.4. R2* quality control 

According to existing literature, T2* estimation can be influenced by 
the presence of macroscopic field gradients (for example, air/tissue 
interface) (Hernando et al., 2012). In our dataset, we also observed 
voxels showing T2* values out of the normal range. Thus, a mask 
excluding unreliable voxels was needed for voxel-level analysis. We first 
generated a ‘T2* reliability’ map defined based on classifying each voxel 
as having a T2* value between 50 and 150 ms in at least 80 % of the total 
scans (Fig. 1, mask 1). Fifteen subjects were subsequently excluded from 
further analysis, because their T2* maps had a noise-related spatial 

Fig. 1. Pipeline to generate R2* mask. Step1, Mask1(shown in yellow) was defined based on classifying each voxel as having a T2* value between 50 and 150 ms in 
at least 80 % of the total scans. Step 2, 15 subjects were excluded from further analysis, because their T2* maps had a noise-related spatial distribution and/or 
because they a high ratio of unreliable voxels overall. Step 3, Mask2 (shown in blue) was generated that contained only the voxels that fell within the reliable range 
for all 48 subjects retained from Step 2. The Mask 2 is used to refine voxels as input of FLICA analysis. The masks used for the R2* maps in the Detroit and New York 
Dataset are presented side by side in this figure at the bottom; the blue mask shows the voxels of R2* included in the FLICA. 
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distribution and/or because of a high ratio of unreliable voxels overall 
(see excluded cases in the Supplementary Materials Fig. S1). Across the 
48 subjects retained after exclusion of n = 15 referenced above, a second 
mask was generated that contained only the voxels that fell within the 
reliable range for all subjects, constituting an even more conservative 
reliability mask. R2* maps were estimated as the reciprocal of T2* 
(1/T2*). The above pipeline is presented in Fig. 1. 

To confirm that our R2* estimates demonstrate anticipated trends 
with increasing age as reported (Ning et al., 2014), we conducted a 
Pearson correlation analysis between age and the mean R2* values in 
several deep gray matter regions. Specifically, we utilized the neonatal 
Automated Anatomical Labeling (AAL) template (Shi et al., 2017) to 
define the regions of interest, including the caudate, putamen, pallidum, 
and thalamus. No significant difference in signal-to-noise ratio (SNR) 
was found between the preprocessed data with different acquisition 
parameters. 

2.5. Unimodal analysis 

Serving as a comparison relative to the cross-modal analysis, two 
unimodal analyses were conducted to examine the correlation of the R2* 
and ALFF with age separately. We constructed general linear models 
(GLMs) in SPM to examine age-dependent changes in brain measure, 
regressing out the effect of sex and the length of fMRI data. The statis
tical maps were False Discovery Rate (FDR)-corrected for multiple 
comparisons. 

2.6. Linked Independent Component Analysis (ICA) of ALFF and R2* as 
they relate to age 

Linked Independent Component Analysis (FLICA) was performed to 
investigate the associations between iron and intrinsic activity in terms 
of shared component loadings. We submitted masked (mask 2) R2* 
maps and grey-matter-masked ALFF maps as inputs for FLICA analysis. 
FLICA is a data-driven approach that automatically decomposes multi
modal data into a set of statistically independent components (ICs) and a 
loading matrix shared across modalities, each column of which indicates 
the degree of contribution of the corresponding components for each 
participant (Groves et al., 2011). Thus, each IC has one shared subject 
loading across modality and each modality has its own spatial map. It is 
noteworthy that a subject loading may be dominated by a single mo
dality rather than an equal contribution from all modalities of interest. 
The number of maximum components was set to 20. Statistical analysis 
for the developmental effect was performed using Pearson correlation 
analysis between the subject loadings for each component and age. The 
results were Bonferroni corrected to account for multiple comparisons. 

2.7. Reproducibility analysis 

We used the same preprocessing strategies to the New York dataset as 
described above for the Detroit dataset. Demographic characteristics of 
45 included subjects are provided in Table 1 and the R2* quality control 
masks used for the New York dataset are also provided in Fig. 1. 

3. Results 

3.1. Participants 

After fMRI R2* quality control, 48 scans from the Detroit dataset 
(64.00 ± 33.28 days) were included in the main cross-modality FLICA 
analysis and 45 scans from the New York Dataset (77.93 ± 26.18 days) 
were included in the reproducibility analysis. Detailed demographic 
characteristics of the sample are provided in Table 1. The 48 scans from 
the Detroit dataset comprises 4 scans using sequence i, 3 scans using 
sequence ii, and 41 scans using sequence iii. As TR is different across 
sequences, we provide the distribution of data length after preprocessing 

in minutes in Supplemental Materials Fig. S2. A sensitivity analysis 
based on a subset of subjects using sequence iii AND with data length 
greater than 3 min was performed and replicated results obtained with 
the entire dataset as described in later sections (see Supplemental Ma
terials Fig. S2). 

3.2. Iron accumulates rapidly across the whole brain in early infancy 

R2 * of all deep gray matter ROIs significantly increases with age (as 
shown Fig. 2), replicating previous findings in infants (Cabral et al., 
2023a; Ning et al., 2014). Average R2 * value across the whole brain 
showed an even stronger correlation with age (r = 0.75, p = 1.1e-09) 
compared to the deep gray matter regions, suggesting that iron is 
accumulated consistently throughout the brain during early develop
ment. No sex differences were observed for age-related change in brain 
iron. 

The results of conventional voxel-level unimodal analyses are also 
shown in Fig. 2. R2* concentrations demonstrated widespread age- 
related changes in white matter regions and deep gray matter. In 
contrast, age-related increases in ALFF were only observed in the medial 
prefrontal cortex, posterior cingulate cortex, and cuneus – gray matter 
regions that comprise the DMN. In addition, the group average of ALFF 
and R2* is also provided in the Supplementary Materials Fig. S3. 

3.3. ALFF and R2* are closely coupled and change with age 

Nine ICs were generated by FLICA analysis and 5 of them shared 
subject loadings across modalities (Fig. 3). The spatial maps of all 9 
components are presented as Fig. S4 in Supplemental Materials. The 
subject loading of IC1 was significantly associated with increasing age 
(r = 0.78, p = 9.2e-11), indicating that IC1 reflects the age-related 
changes in iron and intrinsic neural activity. Notably, IC1 highlighted 
several regions overlapped with the default mode network (DMN), 
including the posterior cingulate cortex (PCC) and the bilateral medial 
prefrontal cortex, which are known to be involved in self-referential 
thought and episodic memory. These findings suggest that the global- 
wise R2* and ALFF within DMN are increasing with age in a coordi
nated and synchronized way, suggesting that brain iron may play a 
pivotal role in forming intrinsic functional networks. In order to confirm 
that the significant correlation between IC1 and age is not driven by a 
single modality, we performed separate correlation analyses of age with 
average R2 * and ALFF within IC1 spatial maps (see Fig. 3 at the box on 
the right). We confirmed significant correlations with age for both 

Table 1 
Demographic descriptions of the study population.    

Detroit Dataset 
(n = 48)  

New York Dataset 
(n = 45)   

Mean SD  Mean SD 

Age, days 64.00 33.28  77.93 26.18 
Gestational age at birth, 

weeks 
38.78 2.03  38.71 1.58 

Birth weight, grams 2685.79 892.51  3179.68 504.06 
Number of fMRI volumes 376.85 59.46  400 74.09 
Mean DVARS* 32.93 8.64  27.61 16.63   

N %  N % 
Sex       

Female 22 46  24 53  
Male 26 54  21 47 

Race       
African American 39 81.25  2 4.44  
Asian American 0 0  1 2.22  
Bi-racial 8 16.67  5 1.11  
Caucasian 0 0  16 35.56  
Latina 0 0  2 4.44  
Not disclosed 1 2.08  19 42.22  

* DVARS, the root mean square of the temporal change of the fMRI voxel-wise 
signal at each time point. 
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Fig. 2. Age effect on R2* and ALFF with unimodal analysis with increasing age. Pearson correlations between age and the mean R2* values in deep gray matter 
structures are shown respectively. R2* maps are estimated as the reciprocal of T2* (1/T2*). Regions of interest, including the thalamus, pallidum, caudate, and 
putamen were defined by the neonatal Automated Anatomical Labeling template. Results of voxel-wise regression analyses are shown in the right bottom box. Voxel- 
wise regression was performed by constructing general linear models to examine age-dependent changes in each brain measure separately, while regressing out the 
effect of infant sex and length of fMRI data. The results are false discovery rate (FDR) corrected for multiple comparisons at the significance level of p < 0.05. 

Fig. 3. Coupling between ALFF and R2 * during early brain development. Results of linked independent component analyses (FLICA) and the correlations between 
the subject loadings of each component (IC) and age are presented. The subject loading of IC1 was significantly associated with increasing age, indicating that the 
global R2* and ALFF within DMN are increasing with age in a coordinated and synchronized way. In contrast, other components did not show a correlation with age, 
but did show correspondence R2* and ALFF map overlap in regions of the cingulate (IC2), temporoparietal cortex (IC3, IC7), and motor cortex (IC5), further 
supporting functional relationships between network connectivity and biological underpinnings of R2 * . In addition, correlation plots between age and R2* and 
ALFF within IC1 regions are presented in the box on the right. 
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modalities. Other components did not exhibit a correlation with age, but 
overlap in R2* and ALFF maps was observed in select areas, including 
cingulate (IC2), temporoparietal (IC3, IC7), and motor (IC5) regions. 

3.4. Replication in an independent dataset 

The FLICA analysis on 45 subjects from the independent New York 
dataset also detected a DMN component and replicated our finding that 
R2 * and ALFF coupling in this component increase with infant age 
(r = 0.67, p = 4.5e-07, Fig. 4). In addition, we found two ICs (IC4 and 
IC6) comprised with only a single modality, either R2 * or ALFF, that 
significantly correlated with age. The spatial maps of these two ICs 
largely overlapped with IC1, suggesting some collinearity across these 
ICs (r = 0.08 between subject loading of IC1 and IC4; r = 0.24 between 
IC1 and IC6). 

We also replicated our previous effect that average R2 * across the 
whole brain (r = 0.7, p = 1.1e-07), and with deep gray matter regions of 
the thalamus (r = 0.62, p = 4.7e-06), caudate (r = 0.55, p = 9.7e-05), 
putamen (r = 0.54, p = 1.1e-04), and pallidum (r = 0.50, p = 4.7e-04) 
increased with infant age. The developmental effect was again greatest 
for the averaged R2 * across the entire brain rather than the deep gray 
matter regions as was found in analyses of the Detroit sample. 

4. Discussion 

The current study explored the developmental coupling between 

brain iron and neural activity in young infants. We found that iron 
content accumulates rapidly across the whole brain during the first 150 
days of postnatal life. Linked independent component analysis revealed 
a significant interlinked linear increase of the global iron and resting- 
state neural activity with increasing age, which was not captured 
using unimodal analyses. Brain regions overlapping with the default 
mode network (DMN) were highlighted by the cross-modality analysis; 
specifically, we observed increased low-frequency functional connec
tivity with age in conjunction with iron accumulation. This study con
verges on and compliments previous work by providing a more thorough 
and unbiased exploration of the coupling effects using a the whole-brain, 
voxel-level approached rather than restricting iron analyses to specific 
regions. 

Adequate iron is essential for contributing to a variety of key neu
rodevelopmental processes such as myelination, neurotransmitter syn
thesis, and mitochondrial function (Reinert et al., 2019). Our finding 
that iron content increases with age in subcortical gray matter regions is 
consistent with previous studies of neonates focusing on deep gray 
matter structures (Cabral et al., 2023a; Cabral et al., 2023b; Ning et al., 
2014; Raab et al., 2022). Greater iron content supports more advanced 
cognition in children and adolescents (Daugherty et al., 2015; Larsen 
et al., 2020a). However, early life iron deficiency can disrupt cognitive 
development and can induce enduring alterations brain structure and 
functional networks (Cecilia et al., 2022; Wedderburn et al., 2022). Our 
data advances understanding by highlighting that significant iron 
accumulation is observed across the entire brain over infancy and is not 

Fig. 4. Testing reproducibility on the independent dataset. Three independent components (IC) showing significant developmental effect are presented. IC1 
replicated findings from the Detroit dataset that whole brain R2* coupled with DMN ALFF during early development. Two other ICs (IC4 and IC6) were identified as 
having increased subject loadings with age. Notably, IC4 R2* shares some regional overlap with IC1. Unimodal results regarding the age effect on the New York 
dataset are presented with the threshold of p < 0.05, FDR corrected. 
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limited to deep gray matter. Changes in iron included deep gray matter, 
but also white matter regions including the cingulum bundle and the 
longitudinal fasciculus, connecting frontal, parietal, and temporal re
gions. Observed effects in white matter may reflect changes in myelin 
content occurring across this developmental window. 

It is important to examine the underlying role of iron in the context of 
developmental MRI. While previous MRI studies primarily focus on 
structural and functional development, little attention has been given to 
how iron contributes to individual differences in infant brain structure 
and function. By combining techniques, the current study is able to 
demonstrate specific associations between neural activity and inferred 
iron deposition, based on R2*. By showing that these are coupled, we 
provide support for the mechanistic importance of iron in widespread 
neurodevelopmental processes, a finding that motivates further oppor
tunities in basic and clinical research in this area. Indeed, this is 
important in the context of basic science, but also important in pro
moting the most positive developmental outcomes for infants world
wide. A better understanding of how iron contributes to brain 
development could inform the development of interventions and treat
ments that can mitigate the negative effects of iron deficiency or excess, 
which can have serious consequences on the developing brain. 

It is noteworthy that our FLICA analysis isolated iron-ALFF associ
ated regions that overlap with the DMN, a network that is metabolically 
active during rest and one of the early emerging functional networks 
(Cao et al., 2017; Gao et al., 2017). High metabolism in these structures 
is understood to result from elevated neural activity in constituents of 
this network. Specifically, studies utilizing simultaneous fluorodeox
yglucose positron emission tomography (FDG-PET) and fMRI have 
shown strong correlations between voxel-wise brain glucose uptake and 
intrinsic neural activity in DMN regions in healthy subjects (Aiello et al., 
2015; Ding et al., 2020; Stiernman et al., 2021). Further, this coupling 
effect is decreased in patients with cognitive dysfunction, highlighting 
the importance of the DMN and its associated metabolic and neural 
activity in supporting healthy brain function. Our findings of strong 
associations between the whole brain R2* and ALFF in regions that 
overlap with DMN are consistent with above work describing the high 
metabolism demand in DMN. Development of DMN in infancy consti
tutes the most rapid phase of maturation across the life course. Previous 
studies have shown a primitive and incomplete DMN is present in 
2-week-olds, that connectivity of this network shows marked increase 
over early life, and that the DMN demonstrates spatial extent similar to 
adults by age of 2 years (Gao et al., 2009). These dramatic develop
mental changes of DMN likely demand rapidly increasing energy con
sumption of the brain. Given that R2* has been linked to glucose 
metabolism and that ALFF and metabolic activity are also linked, we 
infer that the emergence of DMN is supported by widespread brain iron 
stores. In fact, adequate brain iron is essential in multiple processes 
involved in glucose metabolism, including the production of hemoglo
bin and the delivery of oxygen, which is directly related to the blood 
oxygen level-dependent (BOLD) signal. Iron is a key component of he
moglobin, and the BOLD signal is dependent on the different magnetic 
properties of oxygenated and deoxygenated hemoglobin. Our findings 
provide new insight into understanding of the role of iron in supporting 
energy-expensive neurological processes, such as the intrinsic neural 
activity here, which is important for building a comprehensive model of 
brain functional development. 

While the association between brain iron and brain activity in the 
DMN is expected to relate to metabolic processes, it is also possible that 
this relationship is uniquely coupled with dopamine function in deep 
gray matter. Iron co-localizes with dopamine vesicles at the microscopic 
level and is a necessary co-factor for dopamine synthesis (Ortega et al., 
2007; Ward et al., 2014a). In a recent study using post-mortem human 
brain tissue samples, iron distribution in dopaminergic neurons on R2* 
and susceptibility maps showed a high spatial correspondence to 
quantitative histological maps (Brammerloh et al., 2021). Additionally, 
rodent models have demonstrated that brain iron in deep gray matter is 

linked to dopamine neurobiology and with dopamine-dependent be
haviors (Erikson et al., 2000; Lozoff, 2011). In humans, altered iron 
levels have been widely observed in the dopaminergic-rich structures in 
children with neurodevelopmental disorders such as ADHD (Adisetiyo 
et al., 2014b; Cortese et al., 2012a). Combined MRI and PET human 
studies also support a significant positive association between degree of 
brain tissue iron, measured using R2*, and quantity of monoamine 
dopamine transporter VMAT2 (Larsen et al., 2020b). While available 
data corroborate the colocalization of brain iron and dopamine, infer
ence about the presence of dopamine from MRI should be approached 
with caution. Here, brain R2* and intrinsic ALFF were used as a means of 
understanding correspondence of these in early human brain develop
ment. An important future direction for the field will be to employ these 
and other non-invasive imaging techniques (such as QSM and MR 
Spectroscopy) to better understand interactions across large scale 
chemical and biological systems, in the context of both typical and 
atypical early human development. 

Utilization of cross-modal techniques is a key component of this 
study, as it uncovers relationships that might not have been apparent 
using a single modality. There are several other data-fusion analyses, 
including joint ICA (jICA (Calhoun et al., 2006)), multi-set canonical 
correlation analysis (mCCA (Correa et al., 2010)), and approaches 
combining jICA and mCCA (Sui et al., 2013). We chose linked ICA 
because it requires fewer assumptions and constraints on the spatial 
maps. With more rapid acquisition times and expansion of available 
imaging modalities, we can expect growth in the approaches available 
for interrogating cross-modal brain features in future years. It is 
important to note that the outputted components from the data-fusion 
algorithm indicate the statistical correlation between modalities, but 
do not necessitate a meaningful biological relationship. 

Limitations of this study warrant mention. Infant fMRI data is 
inherently noisy due to motion effects, small brain size relative to adults, 
low signal-to-noise ratio, and high maturational variability. As a result, a 
considerable number of voxels were excluded in our voxel-wise analysis 
because of low R2* estimate reliability. In our reproducibility analysis, 
we noticed that the R2* estimates of cortical gray matter regions were 
even further excluded from the FLCIA analysis, which limited the al
gorithm’s ability to isolate colocalization in R2* and ALFF in cortical 
gray matter regions. Future studies that include higher-quality estimates 
of iron in cortical regions may provide more precise spatial linkage 
between the two measures. Another potential concern relates to po
tential circularity in our approach; the ALFF estimation from the opti
mally combined data across echoes could be linked to R2*. This 
association arises from the slightly higher weighting of the first echo and 
lower weighting of the last echo when combining data across echoes in 
older infants. With a roughly estimation of the equivalent TE for the 
youngest and oldest infants, we anticipate minimal effect of the weight 
difference on ALFF. Future studies using an independent sequence such 
as QSM, may further address this concern. The equivalent TEs fall within 
the range (40–50 ms) typically selected for single-echo sequences in 
infant studies, suggesting that our ALFF from multi-echo data is com
parable to those derived from single-echo data (Fransson et al., 2009; 
Fransson et al., 2010). To address the potential circularity issue, we 
conducted an additional analysis by splitting data of 4 subjects to halves. 
We recalculated ALFF and T2* (reciprocal of R2*) for each half and find 
high reliability across the two halves within subjects (see supplementary 
materials Fig. S5). However, it’s necessary to acknowledge that due to 
the nature of optimal combination of multi echoes, variations in R2* 
across subjects do introduce some degree of variance in multi-echo 
ALFF, though the impact is minimal as discussed. 
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