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Abstract

While the newborn’s brain is functionally organised early on—with similar resting state net-

works as those of adults present at birth—these networks continue to develop at different

rates and in complex ways over time. While most in vivo functional imaging studies examine

the spatial characteristics of resting state networks (RSNs), such as their size or the degree

of connectivity, the temporal characteristics of these networks are less well characterised.

We set out to examine the long-range temporal correlation (LRTC) of the fMRI blood oxygen

level-dependent (BOLD) signal using the Hurst exponent in various RSNs in infants born

very preterm shortly after birth (< 32 weeks gestational age; n = 64) and again later at term

equivalent age (TEA) (n = 69). The Hurst exponent in grey matter and white matter was 0.69

at preterm age and increased significantly to 0.80 at TEA, with a greater difference between

the tissues at TEA. The Hurst exponent in RSNs similarly was found to be approximately

0.68 for most networks at preterm age but increased significantly at different rates by TEA:

0.77 and 0.76 in the cerebellum and frontal networks respectively, and 0.84 and 0.83 in the

motor and visual networks respectively. This pattern is partly consistent with findings from

previous functional connectivity fMRI studies that the general growth and maturation of

RSNs occur first and develop more quickly in sensory and motor networks, but later in asso-

ciative networks like frontal ones. Importantly, this is the first time that this pattern has been

shown in the LRTC of the fMRI BOLD signal itself, an area of study that may provide greater

insight into functional brain development.
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Author summary

In our study, we explored how the brains of babies born earlier than normal develop up

until the time when most babies are born. We used a special technique that examines the

complexity of the functional activity of different regions of the brain. What we discovered

was that starting shortly after birth, the measure of complexity was more random than

ordered. However, as the babies got older, all areas of their brain showed functional activ-

ity that became more ordered. Moreover, it appears that some areas of the brain, such as

those responsible for moving and seeing, became more ordered faster than other areas,

such as ones located in the frontal area of the brain. This insight into how brains develop

in the early weeks of life, from more random to more ordered, and in some regions more

than others, may help inform neuroscientists and clinicians about what is happening to

the brain in the earliest stages of life outside the womb.

Introduction

Being born very preterm (< 32 weeks gestational age [GA]) is associated with altered brain

maturation [1, 2], which contributes to neurodevelopmental and behavioural problems into

adulthood [3–7]. These include increased susceptibility to major impairments such as cerebral

palsy, or to learning disabilities, attention problems, and more internalising (anxiety and

depressive) symptoms [8]. These are likely due, at least in part, to the disruption of critical

aspects of brain development, including dysmaturation of myelination and synaptogenesis [9],

as well as critical brain networks [10]. Identifying the alterations that occurs with preterm

birth and how altered brain processes progress to term equivalent age (TEA) could aid in the

understanding of how the brain develops during the third trimester of gestation outside the

intrauterine environment.

More conventional MRI methods of structural, diffusional, and functional techniques have

all been utilised to explore disruptions in the preterm brain in comparison to term born con-

trols. Resting state fMRI (rs-fMRI) is of particular interest in infants due to the ability to assess

brain function in the absence of a task. Resting state networks (RSNs) have been found in

infants born preterm as early as 26 weeks postmenstrual age similar to those of adults [11, 12].

Most rs-fMRI studies, however, have focused on the spatial connectivity of these networks. An

alternative fMRI analysis technique that examines the power-law and scale-invariant behav-

iour of time-series, however, can be used to analyse the temporal dynamics of the fMRI signal

and measure its complexity. Theories have been put forward that the brain evolved to exist in a

complex/critical state between order and disorder in order to maximise efficiency, storage

capacity, and flexibility [13]. Clinically significant changes in fMRI signal complexity, as mea-

sured using the Hurst exponent (HE), have been found in Alzheimer’s disease [14], schizo-

phrenia [15], autism spectrum disorder [16, 17], acute intoxication [18], mild traumatic brain

injury [19], and more [20]. In studies of adults, the HE of grey matter at rest is usually found to

be between 0.7 and 1, and is known to decrease when performing a task [21, 22]. This decrease

in HE is believed to be due to a need for distributed network performance (i.e. slow precision

over fast decision processing) [23]. The HE has also been demonstrated to have excellent test-

retest reliability [21, 24–26]. To our knowledge, this technique has not yet been in investigated

longitudinally in preterm newborns using low-sampled fMRI (* 100 volumes).

Previous studies have explored brain oscillations and complexity in groups of infants,

school-age children and adults. A study conducted by Padilla et al. (2020) analysed neural
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activity and brain criticality in a group of 10-year-olds who were born extremely premature

compared to term born children [27]. Using a novel fMRI ‘intrinsic ignition’ analysis, they

found that the extremely premature group demonstrated suboptimal synchronicity and criti-

cality to controls [27]. Through the use of electroencephalography (EEG), Hartley et al. (2012)

analysed burst activity with the HE in a group of 11 preterm infants born between 23 and 30

weeks of gestation and discovered LRTC that indicated phase transition [28]. However, their

discovery regarding patterns of complex organisation in the preterm brain was done with

EEGs recorded only once shortly after birth without follow up at term-equivalent age [28]. It is

crucial to understand how signal production and complexity evolves in different brain net-

works from the premature early life to TEA. In this study, we set out to investigate the HE of

the blood oxygen level-dependent (BOLD) signal of rs-fMRI to determine changes in brain

signalling complexity from shortly after birth to TEA in various resting-state brain networks

in very preterm infants. This approach can therefore inform us about how the temporal

dynamics of different brain networks mature from more random to more ordered states.

Materials and methods

Participants

Very preterm infants (< 32 weeks GA) admitted to the neonatal intensive care units (NICUs)

at the Hospital for Sick Children and Mount Sinai Hospital, Canada were enrolled. Research

Ethics Boards at both hospitals approved the study following the guidelines of the Declaration

of Helsinki. Inclusion criteria: preterm born infants (both singleton and multiple gestation

preterm infants) less than 32 weeks’ gestation receiving standard clinical care in the NICU at

each study site (SickKids, Mount Sinai Hospital). Exclusion criteria: clinical evidence of a con-

genital malformation or syndrome; congenital TORCH infection; international patients and

those residing outside of Ontario; and short stays (less than 3 days). Written informed consent

was obtained from parents/legal caregivers. Neonatal research nurses collected demographic

data and clinical variables systematically.

Magnetic resonance imaging

Infants were scanned without sedation in an incubator (Lammers Medical Technology, Lue-

beck, Germany) on the same Siemens (Erlangen, Germany) 3T Tim Trio MRI scanner and

single-channel neonatal head coil (Advanced Imaging Research, Cleveland, OH) at the Hospi-

tal for Sick Children, Toronto. MRI scans were acquired at preterm age shortly after birth

(median postmenstrual age [PMA] of 32.6 weeks, range: 27.3 to 37.9), and later at TEA

(median PMA of 40.7 weeks, range: 34.7 to 48.1).

Anatomical images were acquired using a T1-weighted sequence (repetition time [TR], 6

ms; echo time [TE], 2.64 ms; field of view [FOV], 150 x 192 × 96 mm; voxel size: 1 mm isotro-

pic; 96 slices; slice overlap, 8.3%); and a T2-weighted sequence (TR, 5,040 ms; TE, 143 ms;

FOV, 104 x 128 x 110 mm; 110 slices; voxel size, 1 mm isotropic). Resting-state fMRI was

acquired using an echo-planar imaging sequence (TR, 3000 ms; TE, 50 mc; FOV, 192 x 192 x

111 mm; slice thickness, 3 mm; 37 slices, voxel size, 3 mm isotropic, 100 volumes). An EPI

fieldmap was also acquired (TR, 600 ms; TE1, 5.19 ms; TE2, 7.65 ms; FOV, 252 x 252 x 100

mm; 50 slices; slice thickness, 2 mm; voxel size, 3 x 3 x 2 mm).

Data processing

The documentation and code for our analysis can be found on Github at: https://github.com/

WeberLab/LRTC_PLOSComplex. Fig 1 depicts the simplified MRI analysis steps in a
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flowchart. To begin, all DICOM files of interest were converted to NIfTI format (Neuroimag-

ing Informatics Technology Initiative) using Chris Rorden’s dcm2niix [29].

Anatomical analysis. Anatomical images (T1w and T2w) were manually inspected for

quality control or, if there were multiple scans, to find the scan with the best quality by both J.

D and A.M.W. Images with very poor tissue contrast or motion artefacts were rejected. Next,

T1w and T2w images were bias-field corrected using ANTs N4ITK [30]. For each subject, the

T1w image was rigidly registered to the corresponding T2w image using ANTs registration

[31]. The images were then skull-stripped and segmented using the dHCP anatomical pipeline

[32]. The dHCP pipeline first uses FSL’s bet [33] to perform an initial skull-stripping with a

fractional intensity threshold of 0.1. Tissue segmentation is then accomplished using the DRA-

W-EM algorithm [34], which uses an atlas-based segmentation technique and an Expectation-

Maximization scheme that combines the structure priors and an intensity model of the vol-

ume. Grey matter, white matter, and ventricle binary masks were used for subsequent HE

analysis.

Resting state fMRI analysis. fMRI scans with less than 98 time-points (length of 4 mins

54 sec) were removed completely from the study. To reduce the contribution of motion arte-

facts, FSL’s MCFLIRT [35] was performed on all fMRI datasets to determine the amount of

head motion during the scan and align volumes. To determine average motion, mean frame-

wise displacement (meanFD) was calculated as the average of the sum of the absolute values of

the differentiated realignment estimates (by backwards differences) at every time point [36].

Rotational displacements were first converted to translational displacements by projection to

the surface of a 50 mm radius sphere. Scans with a meanFD > 1 mm were excluded. Volume

censoring was not practical as fractal analysis requires many sequential timepoints, with 100

timepoints already on the low end of the desired number of volumes [14, 20]; see Limitations

for more discussion.

Fig 1. Work-flow of post-acquisition processing steps. Figure visualises distinct steps in the work-flow of the image processing pipeline.

https://doi.org/10.1371/journal.pcsy.0000024.g001
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Fieldmaps were generated using a dual-echo EPI and magnitude scan. The dHCP func-

tional pipeline [37] was then implemented to achieve distortion-correction and motion-

correction, register the functional image to the corresponding T2w structural image, generate

a transform matrix from functional space to the 40-week T2w template, and perform temporal

high-pass filtering (150 s high-pass cutoff) and independent component analysis (ICA) denois-

ing using ICA FIX [38, 39].

ICA Fix. 26 scans were randomly selected (13 preterm and 13 TEA) to run through the

dHCP functional pipeline until the FIX stage. ICA components were manually classified [40]

using an “innocent until proven guilty” strategy as suggested by Kelly et. al (2010) [41]. The

training file was created using FSL’s FIX [38, 39]. The dHCP functional pipeline was then run

on all subjects using the study-specific training file. The standard space was set at a 40-week-

old template from the dHCP pipeline. Spatial smoothing of 5 mm was applied using FSL’s

SUSAN [42] and grand mean intensity normalisation was computed.

Group RSN maps. Using FSL’s MELODIC [43], group ICA was performed with 20

dimensions on all subjects in the 40-week template space to obtain shared RSN maps. While it

is true that RSNs change over time from preterm age to TEA, these changes are not very drastic

[44]. In order to compare changes in HE in the same networks over time, we chose to run the

group ICA across all ages together. All 20 RSNs were manually inspected independently by

J.D. and A.M.W. Nine networks were identified that were deemed similar to previously pub-

lished networks in preterms [44]. RSNs were then thresholded (set to zero) below 5 standard

deviations and binarized to create network masks; see Fig 2.

Hurst exponent calculation. fMRI signal LRTC was examined using the HE. HE can be

calculated from the slope of the log-log plot of the power spectral density (PSD), which

describes how the power of the fMRI signal (here taken as the square of the absolute fre-

quency) is distributed over the frequency. If beta is the slope, then HE is calculated as Eq (1).

HE ¼
1þ b

2
; ð1Þ

Fig 2. Group resting state networks. Spontaneous activity patterns shared between preterm and term equivalent age

of infants born prematurely. Example sagittal, coronal, and axial slices for meaningful spatial patterns (corresponding

to independent components from probabilistic ICA) are overlaid onto the 40 week age template. Overlay images are z-

statistic maps thresholded at 5. From left-to-right and top-to-bottom: Visual, Salient, Motor, Hindbrain, Cerebellum,

Auditory, Lateral Left, Lateral Right, and Frontal.

https://doi.org/10.1371/journal.pcsy.0000024.g002
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The β value can help determine a signal’s class, where β< 1 is usually fractional Gaussian

noise (fGn) and β> 1 is usually fractional Brownian motion (fBm) [45]. fGn signals are sta-

tionary processes with constant variance, whereas fBm signals are non-stationary processes

with increasing variance over time. Bullmore et al. (2004) have shown that most of the brain

fMRI signals that are initially characterized as fBm will become fGn with proper motion cor-

rection [46]. As this will not completely remove all fBm signals, we have made use of the

“extended HE” (HE0), first conceptualised by Eke et al. (2000) [45], where 0<HE0 < 1

describes fGn processes and 1< HE0 < 2 describes fBm processes. HE0 values will be used in

this analysis, but from this point forward shall be referred to as HE.

The PSD was calculated using Welch’s method [47], using the welch command from

Python’s Scipy.Signal library [48], with eight windows of 50% overlap on a restricted fre-

quency range of the data (above 0.01 Hz), mirroring the parameters used by Rubin et al.

(2013) [49]. Welch’s method was chosen because it has been found to outperform alternative

methods (such as wavelet or rescaled range analysis) [49]. The mean HE was then calculated

for all ROI masks: grey matter, white matter, and all nine RSNs for each subject.

Statistical analysis

All statistical analyses were performed in R [50] and RStudio [51]. Because some subjects had

repeat scans (preterm and TEA) while others had only one (either preterm or TEA), a linear

mixed effects model (LMEM; lme4 [52]) analysis was used with subjects as random effects.

To determine if GA was a factor in missing values at TEA, we performed a student’s unpaired

t-test between infants scanned at both preterm age and TEA later on and those scanned only at

preterm age without TEA scans (either due to MRI data quality or availability) for GA,

meanFD, and PMA. GA was found to be different between the two groups and was included

in all LMEMs (see S1 Fig). HE vs PMA was explored, with GA and meanFD confounds

included as fixed effects (Eq (2)).

HEROI ¼ PMA ∗ ROIþ GAþmeanFDþ ð1jSubjectÞ; ð2Þ

To determine if a fixed effect (PMA, GA, or meanFD) was a significant component of the

model, an ANOVA was performed between the full model and a model without the compo-

nent of interest (null model).

Estimated marginal means and trends analyses were performed with the emmeans package

[53] to determine the means and slopes of HE vs PMA while controlling for GA and meanFD.

Results

Participant demographics

Of the initial 164 scans from 120 unique subjects, after quality control, there remained 133

scans from 98 unique subjects (81% retention of scans; 82% retention of subjects). Of the 98

subjects, there were: 28 with preterm only scans, 35 with both preterm and TEA scans, and 34

with TEA only scans. Thus, there were 63 scans at preterm age and 69 scans at TEA. More

information on participant demographics can be found in Table 1.

Hurst exponent

A sample Welch’s PSD averaged over the grey matter can be seen in Fig 3. The negative slope

of the PSD displays the power-law behaviour that has been reported in human brain fMRI pre-

viously [22, 54–57]. Due to the long TR (3 s) and low number of volumes (100), no frequency

range was specified; instead, the entire spectrum was used to calculate HE.
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Hurst exponent across tissue type and age. Mean HE was calculated within cortical grey

matter, white matter, and ventricles for each subject at each age. HE in the ventricles were

acquired as a surrogate of a ‘noise ground floor’ to compare with GM, WM and RSNs. Esti-

mated marginal means (controlling for GA and meanFD) at 32.7 weeks PMA and 40.9 weeks

PMA were calculated and compared. At preterm age (32.7 weeks), cortical grey matter HE was

0.68 (CI = 0.66 to 0.70), white matter HE was 0.67 (CI = 0.65 to 0.69), and ventricle HE was

0.66 (CI = 0.66 to 0.70). At TEA (40.9 weeks), grey matter HE increased to 0.80 (CI = 0.78 to

0.82), white matter HE to 0.78 (CI = 0.76 to 0.80 and ventricle HE to 0.78 (CI = 0.76 to 0.80).

Marginal trends (controlling for GA and meanFD) were calculated and compared (Fig 4).

Grey matter HE increased 0.0150 per PMA week (p< 0.0001), while white matter HE

increased 0.0130 per PMA week (p< 0.0001) and ventricle HE increased 0.0136 per PMA

week (p< 0.0001). These trends were not significantly different from each other. Looking at

scans separately (preterm and TEA) and performing a paired student’s t-test between the grey

matter and white matter revealed significant differences at both preterm age (mean difference

HE = 0.0060; effect size = 0.40 (small); p = 0.0022) and TEA (mean difference HE = 0.019;

effect size = 1.22 (large); p< 0.0001) with grey matter being higher.

Hurst exponent across group resting state networks and age. Mean HE was calculated

for all nine RSNs for each subject at each timepoint (Fig 5). Estimated marginal means (con-

trolling for GA and meanFD) at 32.7 weeks PMA and 40.9 weeks PMA were calculated and

Table 1. Demographic characteristics of the study population.

Groups n Sex (M/F) Median GA (range) Median PMA at scan (range)

Unique subjects 98 51/47 27.4 (22.7 to 31.6) n/a

Scanned at preterm age 63 32/31 27.7 (22.7 to 31.6) 32.7 (27.3 to 37.9)

Scanned at TEA 69 36/33 26.3 (22.7 to 31.6) 40.9 (34.7 to 48.1)

All ages in weeks. GA = gestational age, PMA = post menstrual age, TEA = term-equivalent age.

https://doi.org/10.1371/journal.pcsy.0000024.t001

Fig 3. Sample welch’s power spectral density and hurst exponent calculation. A representative sample log-log plot

of the Welch’s power spectral density averaged over the grey matter of one subject (blue line). The orange represents

the best fit of a linear regression which is used to calculate the slope (β). The Hurst Exponent is then calculated from

the slope (see Eq (1)).

https://doi.org/10.1371/journal.pcsy.0000024.g003
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compared—both across age within RSN and across RSN within age. At 32.7 weeks PMA, HE

in all RSNs was approximately 0.67 (range = 0.66 to 0.68). At this age, the HE in these networks

were not different from each other (p> 0.05 after adjusting for multiple comparisons). At 40.9

weeks PMA, HE increased in all RSNs to around 0.79 (range = 0.76 to 0.84). See Table 2. At

TEA, HE in RSNs were different between auditory and cerebellum, auditory and frontal, audi-

tory and salient, cerebellum and motor, frontal and motor, frontal and visual, hindrain and

motor, hindbrain and visual, laterel left and motor, lateral left and visual, lateral right and

motor, motor and salient, and slient and visual. (p< 0.05 after adjusting for multiple

comparisons).

Estimated marginal means of linear trends (controlling for GA and mean FD) were calcu-

lated (Fig 6) and compared (Fig 7). Increasing HE with PMA were found in all networks. The

visual, motor, lateral right, lateral left, and posterior networks were found to have larger slopes,

while the salient, frontal and hindbrain networks with smaller slopes. Significant differences in

slopes were found between: motor and frontal, motor and cerebellum, salient and motor,

visual and cerebellum, visual and frontal, visual and hindbrain, and visual and salient

(p< 0.05 after adjusting for multiple comparisons).

Discussion

To the best of our knowledge, this is the first rs-fMRI study that has investigated the HE of

low-sampled (100 volumes) fMRI BOLD signal in preterm infants at both preterm age and

Fig 4. Hurst exponent values in grey matter, white matter, and ventricles versus postmenstrual age at scan (weeks). The effect plots in A, B and C

show the marginal effects of the linear mixed effects regression model (line) and 95% confidence intervals (dashed lines) in the grey matter, white

matter, and ventricles, respectively. For each of the three regions of interest [grey matter: dark purple plot; white matter: light purple plot; ventricles:

magenta] we show the model-based effect on the Hurst exponent. Additionally, we show the bivariate unadjusted correlation (points, regression line,

and CI in light grey in the background). In plot D, we plot the model-based effect on the Hurst exponent for both grey matter, white matter, and

ventricles with 95% confidence intervals together for comparison purposes.

https://doi.org/10.1371/journal.pcsy.0000024.g004
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later at TEA across multiple RSNs. We describe here the evolution of HE over time as the pre-

term brain develops over the period of neonatal intensive care. The two main new findings

from this study are that HE in grey matter and white matter increase significantly from pre-

term age to term age, with a greater difference between the tissues at TEA; and HE in RSNs

similarly increase significantly from preterm to term age but at different rates, with the lowest

in the frontal and the highest in the visual network.

Table 2. Demographic characteristics of the study population.

RSN HE emmeans at 32.7 weeks PMA HE emmeans at 40.9 weeks PMA p-value

Motor 0.680 0.841 < 0.0001

Visual 0.662 0.826 < 0.0001

Auditory 0.681 0.808 < 0.0001

Lateral Right 0.659 0.794 < 0.0001

Hindbrain 0.679 0.792 < 0.0001

Lateral Left 0.657 0.783 < 0.0001

Salient 0.659 0.767 < 0.0001

Cerebellum 0.658 0.765 < 0.0001

Frontal 0.672 0.764 < 0.0001

RSN = resting state network; HE = Hurst exponent; emmeans = estimated marginal means; PMA = post menstrual age; Plus and minus values refer to 95% confidence

interval.

https://doi.org/10.1371/journal.pcsy.0000024.t002

Fig 5. Estimated marginal means of the Hurst exponent. The barplot on the left displays the estimated marginal means of the Hurst exponent in each

resting state network between preterm and term equivalent ages. Standard errors are displayed as error bars. The barplot on the right is the difference

between preterm and term equivalent age Hurst exponents from the barplot on the left. Networks are ordered from highest to lowest difference in

Hurst exponent between preterm and term equivalent age.

https://doi.org/10.1371/journal.pcsy.0000024.g005

PLOS COMPLEX SYSTEMS Long-range temporal correlations in resting-state fMRI signal in preterm infants

PLOS Complex Systems | https://doi.org/10.1371/journal.pcsy.0000024 December 5, 2024 9 / 20

https://doi.org/10.1371/journal.pcsy.0000024.t002
https://doi.org/10.1371/journal.pcsy.0000024.g005
https://doi.org/10.1371/journal.pcsy.0000024


What does HE measure in the brain?

While a full summary of HE and brain criticality is outside the scope of this paper, readers are

directed to reviews by Campbell and Weber (2022) on HE of fMRI in the brain [20], and Zim-

mern (2020) for a more theoretical discussion about brain criticality [13]. In brief, HE between

0.5 and 1, which is generally found in human brain fMRI BOLD signals, indicate long-term

positive autocorrelation, meaning that a high value in the series will probably be followed by

another high value. Thus a signal with a HE closer to 1 is more ordered and predictable than a

signal closer to 0.5. Ultimately HE is measuring the LRTC of the fMRI signal and its complex-

ity. Complexity exists along the boundary of order and disorder [58]. This complexity has

been observed at almost every level of the brain in both spatial and temporal domains: den-

dritic branching structures in the spatial domain [59], to neurotransmitter release [60], neuro-

nal firing rates [61], local field potentials [62], MEG signals [63], and EEG signals [54], not to

mention fMRI [63, 64]. Complexity in the brain appears to be the rule, not the exception. Why

the brain would evolve this behaviour may be due to the theory that neural networks that exist

in a critical state between ordered and disordered exhibit optimal processing and computing

properties [65, 66]. These properties include information transmission, information storage,

dynamic range, metastable states, and computational power [13, 67–72].

HE in brain tissue

In both grey matter and white matter, HE increased linearly from preterm to TEA (0.0150 per

week and 0.0130 per week, respectively). Thus, as the preterm infants grew older, the LRTC of

Fig 6. Hurst exponent values in group resting-state networks versus post menstrual age at scan (weeks). The effect plots show the marginal

effects of the linear mixed-effects regression model (line) and confidence interval (dashed lines) in the eight shared resting-state networks. For each

network we show the model-based effect on the Hurst exponent. Additionally, we show the bivariate unadjusted correlation (points, regression line,

and CI in light grey in the background).

https://doi.org/10.1371/journal.pcsy.0000024.g006
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measured fMRI signal increased, meaning these signals became more ordered with long-term

memory. HE in grey matter was found to be consistently higher than white matter in infants at

both preterm and TEA. This difference, however, was more pronounced at TEA, as demon-

strated by the larger effect size at TEA (1.26) vs preterm age (0.73). Thus, from *32.7 weeks to

*40.9 weeks, HE increases faster in grey matter than in white matter. While higher HE in

grey matter could perhaps represent more ordered complexity in neuronal signalling (by way

of the BOLD signal), it is less clear what HE in white matter represents. fMRI signals in white

matter have historically been ignored and regressed out of the signal. While understanding

what the BOLD signal in white matter represents is outside the scope of this paper, a review of

this topic can be found by Grajauskas et al. (2018) [73].

Perhaps a more surprising finding is the increase of HE in the ventricles, a region without

neuronal tissue. Previous studies that investigated the BOLD signal in ventricles using high

resolution fMRI at 7T reported that these regions will overlap with larger pial and ependymal

veins near ventricular cerebrospinal fluid [74], especially with lower resolution fMRI. Thus,

fMRI=T∗
2

signals in the ventricles may be related to neural activity by way of blood volume

changes, but not differences in blood oxygenation. In turn, increases in HE in the ventricles

may represent an increase in ordered complexity of the brain as a whole. However, an alterna-

tive explanation may lie in a confounding variable that we cannot rule out in this study.

Comparisons to other studies

Signal complexity in fMRI of white matter and grey matter in healthy ageing adults has been

previously investigated by Liu et al. (2013) using approximate entropy (ApEn) [75]. While HE

Fig 7. Comparison of Hurst exponent versus post menstrual age at scan trends across resting-state networks. Left: we plot the marginal trends

from Fig 4 across all eight resting-state networks for comparison purposes. Right: a table of the slopes in descending order for each RSN is provided up

to four decimal places. Significant differences in slopes were found between: visual and hindbrain, visual and frontal, visual and salient, motor and

hindbrain, and lateral right and hindbrain (p < 0.05 after adjusting for multiple comparisons).

https://doi.org/10.1371/journal.pcsy.0000024.g007
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and ApEn are not the same measures, they should by definition be negatively correlated. That

is, an HE closer to 1 will have greater LRTC, and thus be more predictable (lower entropy),

and vice versa. This has been shown empirically by Sokunbi et al. (2014) [15]. Liu et al. (2013)

reported decreased ApEn (similar to an increase in HE) in both grey and white matter between

young (age 23 ± 2 years, n = 8) and old cohorts (age 66 ± 3 years, n = 8) [75]. A similar finding,

this time using HE, was found by Dong et al. (2018) when looking at 19–85 year olds (n = 116)

[76]. They found a positive correlation (r = 0.35, p< 0.01) of HE with age. Both of these stud-

ies are in line with our finding of increased HE from preterm to term age in both grey and

white matter, suggesting that HE increases across the entire lifespan in these tissues taken as a

whole.

Dong et al. (2018) also looked at different regional changes in HE across their age range

[76]. Using anatomically defined brain regions, they found that with increasing age: HE

increased in the frontal and parietal lobes but decreased in the insula, limbic, and temporal

lobes [76]. In our study in the developing brain, it is the sensory networks (motor, visual and

auditory) that displayed the greatest increase, with the frontal regions—while also increasing—

showing the least amount. Thus the frontal lobe, which is one of the highest-order regions of

the brain, may take the longest to fully develop, and even continue developing late in life. On

the other hand, the hindbrain, which we found to be one of the slowest to develop in new-

borns, seems to be one of the first regions to show decreased HE with greater ageing (insula

and limbic) [76].

The reduction in HE in adult ageing may be due to a gradual loss of both local and long-

range connections as a consequence of cell loss, synaptic degeneration, blood flow reduction,

neurochemical alteration as well as central nervous system reorganization [75]. Thus, our find-

ings of increased HE in all tissue and RSNs may be due to the exact opposite process: as the

preterm brain grows, there is a dramatic increase in local and long-range connections due to

growing cells, synaptic connections, increased blood flow and myelination [77].

In terms of studies that looked at direct comparisons between newborns and adults, Frans-

son et al. (2013) looked at power-law behaviour in RSNs in healthy term newborns (n = 18)

compared to adults (n = 17, age 22–41 years, mean 29 years) [78]. The networks that they

examined were sensory, auditory, visual, default, attention, subcortical and saliency. They

reported the slope of the power law distribution as the ‘power-law exponent, α’ as opposed to

HE. However, this α value can be converted to HE using Eq (1) above. For our purposes, it is

enough to know that higher ‘α’ values are similar to higher HE values. In the newborn cohort,

they found the sensory, auditory and visual networks to have the highest α and the subcortical,

attention, saliency and default to have the lowest, in line with our results [78]. In adults, they

found the visual and default networks to have the highest α values, then the sensory, attention

and saliency, and finally the auditory and subcortical networks to have the lowest. Similarly,

Campbell et al. (2022) using the seven Yeo networks, reported the highest HE values in the

visual, frontal, default and dorsal attention, followed by somatosensory and ventral attention,

and finally the limbic having by far the lowest [20]. Thus, in newborns, primary sensory areas

exhibit larger power-law exponents than higher associative cortical areas, in contrast with the

adult brain. The changes observed by Fransson et al. (2013) from newborn to adulthood

appear to be driven by a reduction in α values across the board, except in the case of the default

network which appears to remain the same [78].

Why networks mature at different rates. From 27 to 31 weeks RSNs are first identified

and then continue to expand with increasing age [44, 78, 79]. A study which assessed RSNs in

very preterm infants all born before 27 weeks GA and scanned at TEA found the presence of

RSNs of the primary visual areas, somatosensory and motor regions, temporal/inferior parietal

cortices, lateral parietal cortex and the prefrontal cortex [80]. The authors later found these
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networks in a cohort of healthy term born infants [81]. Another study, which investigated 31–

42 week infants discovered that regions of the primary sensorimotor, visual, auditory, language

areas and subcortical areas were found to have the most significant age-dependent increases in

functional connectivity [79]. Although no statistically significant differences were found

between preterm infants scanned at TEA to term born controls, Doria et al. (2010) found

visual, auditory, somatosensory, motor, default mode, frontoparietal and executive control

networks all developed at different rates in terms of their spatial topology [44].

The findings of increased HE development in visual, auditory, and sensorimotor networks

by TEA in our results is consistent with behavioural observations of prematurely born infants

[82]. The different maturation timelines of primary sensory and motor networks before high

order networks have been theorised to be due to evolutionary survival mechanisms for adapt-

ing into the external environment required by the primary systems, to promote basic survival

functions by the time of birth and for sensory processes to trigger higher cortical networks

development [44, 79, 82]. This is further exemplified with Gao et al. (2015) who found that pri-

mary sensorimotor, auditory and visual networks mature before executive control networks in

a longitudinal study of infants [83]. Perhaps these findings should not come as a surprise as

foetal observations of voluntary movement and sensory processing in these networks are

shown to have adult-like topology earlier than other high order networks [83]. On the other

hand, caution should be used when interpreting these findings of neural activity from indirect

measures (e.g. fMRI). In their review of spontaneous activity in the pre- and near-term infant,

Colonnese and Khazipov (2012) suggest that the generative mechanism for brain activity in

this period is likely different from adults: in infants, this activity is likely involved in circuit for-

mation, while in adults it is likely due to attention [84].

The third trimester of pregnancy is critical for the growth and extensions of thalamocorti-

cal neurons throughout the frontal, somatosensory and auditory cortex [77]. Numerous

developmental processes including synaptogenesis and white matter myelination influences

the formation of functional connections [11]. Connectivity between the thalamus and cortex

form and neuronal connectivity at the subplate occurs early on in gestation [11]. From there,

endogenous processing, sensory activity and environmental stimuli impacts neuronal size,

type and distribution [11]. Myelination is critical for establishing efficient information pro-

cessing and thus sustaining functional connections that form during development [11]. This

process begins in the human brain during the second trimester of pregnancy [85]. Postmor-

tem studies have revealed that myelination develops earlier and faster in patterns of proximal

pathways than distal, sensory pathways than motor, and in the occipital pole than posterior

parietal, temporal and frontal lobes [85]. Thus, our finding that the visual functional network

has the greatest increase in HE could potentially be explained by this. Indeed, Hagmann

et al. (2010) used diffusion tensor imaging tractography and rsfMRI in a cohort of 2 to 18

year olds found that with age there was a positive correlation between structural and func-

tional connectivity [86]. One issue with this myelination hypothesis, however, is that there is

very little myelination between the third trimester and TEA [87]. Most myelination occurs

after full term birth in an exponential explosion of growth [85, 88]. Furthermore, this theory

would predict that the brainstem would have the highest HE, while in fact it has the lowest.

Thus, while it is likely that myelination plays a role in determining HE, it appears to only be

a part of the explanation.

Various stimuli have effects in shaping the structural and functional cortical architecture at

this highly vulnerable stage of development and preterm birth has impacted on these processes

as well. Future studies should aim to investigate the preterm infant population and compare

the findings to term born controls, as well as acquire multimodal MRI data such as myelin

water imaging to make a direct comparison.
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Limitations

There are several limitations of our study that should be highlighted. LRTC analysis has many

different names (e.g.: power-law, scale-free, fractal, Hurst exponent (used here)), analysis tech-

niques (e.g. Welch’s method (used here), detrended fluctuation analysis, discrete wavelet trans-

form, rescaled range analysis), and assumptions (gaussian vs Brownian noise, mono- vs.

multi-fractal, power-law vs log-normal or Poisson distribution). Although the field has existed

for 20 years, the research community is still lagging in terms of finding a common language,

analysis technique, and best practice (e.g. sampling rate, number of time-points, frequency

range). We have used the term LRTC here as we believe it is the least controversial description.

We have used Welch’s method as it has been shown to perform the best when directly com-

pared to other methods [49]. However, as our analysis was retrospective and not part of the

original study plan, we believe future studies would do better to: acquire more time-points

(closer to 500); and a higher sampling rate (< 1 s). We also did not acquire healthy term con-

trols, which would have allowed us to compare how infants born preterm compared to healthy

term controls at TEA, or foetal resting state analysis which would have allowed us to make

comparisons at similar post-menstrual ages between preterm and in-utero brain development.

Furthermore, our method for determining RSNs using independent component analysis is

inherently linear. However, given the non-linear nature of fMRI signals, non-linear models of

functional connectivity, such as Convergent Cross Mapping [89] and Optimal Information

Flow [90], may be a more appropriate for determining RSNs [91, 92]. Future studies, begin-

ning with healthy adult volunteers, should investigate whether nonlinear functional network

connectivity offers deeper insights into the HE of fMRI signals. Moreover, our study did not

include a comprehensive uncertainty analysis, which could help identify key determinants of

model/data indicator variability and universal determinants of HE. Techniques such as global

sensitivity and uncertainty analsyis (GSUA) can be used for some model-based approaches

[93, 94]. As the HE is a direct calculation, however, these techniques would not work. Monte

Carlo simulations could potentially be used in future studies to investigate the uncertainty in

the HE and identify its stability and source [95].

Future investigations

Our findings suggest there is more work that can be done in future investigations. As men-

tioned previously, including healthy term controls would allow one to determine if preterm

networks at TEA display higher or lower HE values. For example, does being born early, and

being able to have greater visual and motor inputs, allow for faster brain development in the

visual and motor networks?

Or, would being born prematurely, with the elevated risk of white matter injuries and

haemorrhages, lead to slower brain development? Or is there a mixture, depending on GA,

and the presence of specific clinical predictors? These questions, and many of the limitations

discussed above, can be tested using data from the developing Human Connectome Project

(for example), which collected resting state fMRI data with *2,300 time-points and a TR of

0.39s. Additionally, they have many healthy term born controls as well.

Since completing this study, we have attempted the suggested follow-up investigation using

data from the developing Human Connectome Project. The results from this new study [96]

provides some initial answers to these questions.

Conclusions

To summarise, HE of the rs-fMRI BOLD signal was found to increase linearly from preterm to

TEA in both grey matter and white matter, as well as in all RSNs. Evolving from more random
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to a more ordered signal. HE in RSNs started around 0.67 at preterm age but increased signifi-

cantly at different rates: from 0.76 in the frontal network to 0.84 in the motor network at TEA.

This pattern appears to reflect previous findings that the general growth and maturation of

RSNs occurs first and rapidly in sensory and motor networks, and associative networks such

as frontal networks develop later on and more slowly. This is the first time this pattern has

been shown by looking at the LRTC of low-sampled fMRI BOLD signal, an area of study that

may provide greater insight into functional brain development.

Supporting information

S1 Fig. Group differences with and without term equivalent scans. Differences in gestational

age (left), mean Framewise Displacement (centre) and post-menstrual age (right) were exam-

ined between subjects without term equivalent scans and those with. Gestational age was

found to be higher in subjects with term equivalent scans, and was thus included in the mixed

linear effects model.
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