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1 | INTRODUCTION
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Abstract

The human brain is a complex system of interconnected brain regions that form func-
tional networks with differing roles in cognition and behavior. However, the trajecto-
ries of these functional networks across development are unclear and designing a
metric to track the complex trajectory of these characteristics throughout the
lifespan is challenging. Here, permutation entropy (PE) was used to examine age-
related variations in functional magnetic resonance imaging (fMRI) in healthy subjects
aged 6-85 from global, network, and nodal perspectives. The global PE followed an
inverted U-shaped trajectory that peaked at approximately age 40. The trajectory of
the motor and somatosensory functional network was more consistent with a linear
model and increased with age; other functional networks showed inverted U-shaped
trajectories that peaked between 25 and 52 years of age. All nodes showed inverted
U-shaped trajectories. Using cluster analysis, the peak ages of nodes were grouped
into three clusters (at 24, 38, and 51 years). Overall, we characterized four aging tra-
jectories: networks with a linear increase, early peak age, intermediate peak age, and
older peak age. These findings suggest possible complexity in trajectories at critical

age points regarding changes in related functional brain networks.
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et al., 2013; Goodro et al., 2012), while others have reported a qua-

dratic trajectory, with an increase followed by a decrease

The human brain is an extremely complex system, and with increasing
age, a series of changes occur in the understanding and processing of
complex information. The lifespan of healthy individuals is character-
ized by continuous changes in brain complexity throughout childhood,
youth, middle age, and old age that follow specific maturation pat-
terns. The lifetime trajectory of brain complexity has been studied:

some studies suggest a linear decline from early ages (Fjell
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(Gutchess, 2014; Karl et al., 2017; Potvin et al., 2016); alternatively,
other studies have reported a cubic relationship (Fjell et al., 2013;
Potvin et al., 2016). These changes are structurally reflected with
increased white matter (WM) volume and an inverted U-shaped
change in gray matter (GM) volume in developing children and adoles-
cents (Giedd et al., 1999). Upon maturity, both WM and GM volumes
degenerate with healthy aging (Djma et al., 2012; Sowell et al., 2003).
Changes in brain structure are associated with functional changes and
are accompanied by reduced brain activity (Fjell & Walhovd, 2010).
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Previous studies have analyzed these changes in terms of func-
tional connectivity (FC) (Liu et al., 2021; Yan et al., 2018), graph the-
ory (Jezga et al., 2020; Yan et al., 2018), and network efficiency (Zhao
et al., 2017). Studies have found that local efficiency decreases line-
arly from adulthood to old age, while global efficiency remains
unchanged. In Achard et al.'s (Achard & Bullmore, 2007) analysis of
the brain connection network, elderly individuals had lower topologi-
cal efficiency of spontaneous functional networks in a resting state.
Designing a metric to track the complex trajectory of these character-
istics throughout the lifespan from a functional network perspective is
challenging but would establish a foundation for understanding com-
plex systems in the human brain.

Studying the nonlinear dynamics of brain signals during develop-
ment by using the complexity index is not ideal. The complexity index
represents the variability in the information processing ability of the
brain (Yang et al, 2018). A large number of researchers have used
advanced neuroimaging techniques to conduct noninvasive studies
with elderly individuals (Chen et al., 2019; Wang et al., 2020); however,
few subjects were assessed in these studies, and age-related changes
in different brain regions remain unknown. For example, Fenne Mar-
greeth Smits et al. (2016) studied electroencephalography (EEG) signals
from 41 healthy subjects aged 18-85 and found that a parabola was
the best fitting curve for modeling the Higuchi fractal dimension of
age. Entropy is a widely used complexity measure that has the advan-
tages of strong noise resistance, a stable algorithm and high retest reli-
ability (Sun et al., 2020; Yang et al., 2018). The higher the value of
entropy is, the greater the information processing capacity and func-
tional development of the brain. Reduced brain activity means that the
central nervous system is less flexible and efficient in processing infor-
mation. Previous studies have reported that quadratic regression
models can fit developmental trajectories more accurately than linear
models, but linear models are still used in most studies.
Shumbayawonda et al., (2019) used entropy measures to assess mag-
netoencephalography (MEG) signals and found that age had a signifi-
cant impact on complexity in five brain regions. Moses O. Sokunbi
et al. (2015) demonstrated that whole-brain mean fuzzy approximate
entropy (fApEn) was significantly negatively correlated with age using a
resting-state functional magnetic resonance imaging (fMRI) data set
from 86 healthy adults.

Based on the above studies, some advances have been made in
understanding the structural and functional changes in healthy aging,
but the trajectory of functional brain networks remains unclear. Per-
mutation entropy (PE) is a method to measure uncertainty in dynamic
time series (Bandt & Pompe, 2002). PE considers only the grade of
the samples, not their metrics. As it is a sequential measure, PE has
some advantages over other commonly used entropy measures,
including simplicity, low computational complexity without additional
model assumptions, and robustness in the presence of observed and
dynamic noise. PE has been used in EEG studies of human absence
epilepsy (Ferlazzo et al., 2014), typical absence seizures (Jing
et al, 2014), and mild cognitive impairment (MCI) (Timothy
et al., 2014). These studies have suggested that PE is a useful tool for
studying brain complexity.

In this study, we used PE approaches to examine age-related
alterations in a large cohort of 319 healthy subjects ranging from 6 to
85 years old to explore trajectories of brain development. At a system
level, we aimed to determine age-related trajectories of brain devel-
opment from global, network, and nodal perspectives to provide a
complete understanding of the topological changes in PE with age.

2 | MATERIALS AND METHODS

2.1 | Data availability statement

This study included data from 319 healthy individuals (age range, 6-
85 years; mean age, 39.5 +45.5 years) from the NKI/Rockland Sample
(NKI-RS), which was provided by the Nathan Kline Institute (NKI, NY)
and is publicly available online in the International Neuroimaging
Data-sharing Initiative (INDI) database (http://fcon_1000.projects.
nitrc.org/indi/enhanced/mri_protocol.html). The NKI Institutional
Review Board approved the research protocol to collect and share
the data.

2.2 | Data acquisition and preprocessing

All participants were scanned with a SIEMENS MAGNETOM TrioTim
syngo MR B17 using the following parameters: repetition time (TR)/
echo time (TE) = 645/30ms, time point = 900, field of view
(FOV) = 222 x 222 mm?, and slice number = 40. Figure 1 shows the
distribution of subjects' ages. Further details regarding the acquisition
protocol of the study images are available on the INDI website.

The Data Processing Assistant for Resting-State fMRI (DPARSF
v2.3) software (Yan & Zang, 2010) package, which is based on two
software packages, Statistical Parametric Mapping 8 (SPM 8) (http://
www.fil.ion.ucl.ac.uk/spm) and RS-fMRI Data Analysis Toolkit 1.8
(REST 1.8) (Song et al., 2011) was used, and the images were analyzed
on the MATLAB 2014a platform. Briefly, the preprocessing steps
were as follows: the first 10 volumes of the functional images during
the participant's habituation to the imaging process were discarded;
slice-timing correction was performed based on the last slice; the
images were realigned to compensate for head movement using a six-
parameter rigid-body spatial transformation because excessive head
motion may induce large artifacts in fMRI time series; the images were
normalized to the Montreal Neurological Institute (MNI) space; and
the signal drift was removed using a linear model. Additionally, spatial
smoothing of the brain PE maps was performed to reduce the white
noise and suppress the effects due to residual differences during
intersubject averaging using an 8-mm full-width at half-maximum
(FWHM) smoothing kernel.

2.3 | Entropy algorithms

Step 1: Given a time series of length N:
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X={x(1).x(2), x(N)} (1)
PE(N,pm,7) = ZPInP 7)

Step 2: The pm dimensional phase space reconstruction of raw data
by serial number is:

X(i) = x(i),x(i+7), - x(i+(pm—1)7)],i=1,2,---N— (pm—1)r  (2)
where pm is the embedding dimension and 7 is the delay time.
Step 3: Each reconstructed component is then rearranged in ascend-
ing numerical order:

X(i+ (g —1)7) sx(i+ (o —1)7) s s X(i+ (Jom — 1)) (3)

where jy,jo, - -,jm represents an index of the columns of each element
in the reconstructed component.
If two values are equal, for example:

X(i+(jp = Do) =x(i+ (2= 1)7) 4

They are ordered according to the size of the j; and j, values;

when j; < jo:

X(i+(jp = V)z) <x(i+(J2 = 1)7) ©)

Step 4: We can thus obtain a set of symbol sequences by each row of
the reconstructed matrix of any time series, where the symbol
sequences are as follows:

“Jom)»8=1,2,--+k,k < pm! (6)

S(g) = (jl’jZ" :
Step 5: There are pm! possible symbol sequences obtained by the pm
dimension mapping; s(g) is only one of them. The probability of occur-
rence of the various permutations, P1,Ps,---, Pk, can be calculated and

the permutation entropy is defined as follows:

Three parameter values must be set when calculating PE: the
length N of the time series, embedding dimension pm, and time delay
7. The magnitude of the PE represents the degree of randomness in
the time series: smaller values indicate that the time series is more
regular and larger values indicate that the time series is more random.
If the value of m is too large, the phase space reconstruction will
homogenize the time series, and the subtle changes in the sequence
will not be reflected. To meet this condition, we set m =4 andr =1
(Jing et al., 2014).

24 | Power template

A recent study showed that the power template can better define
nodes and has higher retest reliability for whole-brain and local net-
works than anatomical automatic labeling templates and other tem-
plates; therefore, we used the power template in this study. The
10 networks included the power template were as follows: the motor
and somatosensory network (SMN), cingulo-opercular network
(CON), auditory network (AN), default mode network (DMN), visual
network (VN), frontoparietal network (FPN), salience network (SN),
subcortical network (SCN), ventral attention network (VAN), and dor-
sal attention network (DAN) (Power et al., 2011).

2.5 | Cluster analysis

The core idea of the clustering analysis algorithm is to divide data
objects into different clusters through iteration to minimize the objec-
tive function and to make the generated clusters as compact and inde-

pendent as possible. The algorithm steps were as follows:
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FIGURE 2 The developmental trajectory of the global brain.
Global human brain developmental trajectory; black represents the
linear model, and red represents the quadratic regression model. The
entropy of the global human brain throughout its lifecycle shows an
inverted U-shaped trajectory with increasing age (r = .28, p <.001).

(1) randomly select k objects as the centroids of the initial K clusters;
(2) assign the remaining objects to the nearest cluster based on their
distance from the centroid of each cluster and identify the centroid of
the newly formed cluster; and (3) repeat this iterative relocation pro-
cess until the objective function is minimized.

In this article, the PE of 264 nodes in the power-264 template
was calculated, and the trajectory characteristics of each node were
determined after regression analysis of the obtained entropy. The k-
means clustering method was used to cluster the 264 resulting trajec-

tories, and finally, three cluster centers were obtained.

2.6 | Statistical analysis

The DPARSF toolbox was used to define the regions of interest (ROls)
from the power-264 template to extract the average PE values based
on the peak MNI coordinates (XYZ), and the radius of the spheres was
set to 8 mm. All statistical analyses were performed using Statistical
Package for Social Science (SPSS) version 20 (http://www.spss.com/).
A linear model and quadratic regression model were used to fit the PE
developmental trajectory during aging. We applied the false discovery
rate (FDR) to correct for multiple comparisons. We used cluster analy-
sis to classify regression curve patterns in the nodes. Considering the
potential impact of cerebrospinal fluid and gray matter volume on the
experiment, we calculated the CSF and GM volumes for each subject
and input them as covariates using SPSS to evaluate changes in brain
entropy with age. The results indicated that the p-values of the CSF
and GM volumes were .856 and .449, respectively, indicating that
there was no significant effect.

3 | RESULTS

3.1 | Global PE trajectory

We observed the lifetime global brain trajectory, which exhibited an
inverted U-shaped trajectory with age (r =.28, p <.001) (Figure 2).
PE in the global brain peaked at approximately age 40, suggesting
that this age is an important time point for maturation and degener-
ation of the human brain. Of the nodal peaks, 105 of the
264 regions exhibited nonlinear changes with age (p <.001,

Bonferroni correction).

3.2 | Network PE trajectory

We further investigated the age-related changes in network trajecto-
ries. The PE in the SMN was more consistent with the linear model
that showed an increase with age (r =.161, p =.012) (Figure 3). The
PE in the other networks (CON, AN, DMN, VN, FPN, SN, SCN, VAN,
and DAN) was more consistent with the quadratic regression model
that exhibited an inverted U-shaped trajectory, with the networks
peaking at 34, 34, 41, 32, 45, 42, 25, 38, and 52 years, respectively
(Figure 3).

The nodal peak in the networks exhibited nonlinear changes with
age (p <.001, Bonferroni correction). Figure 4 shows the peak varia-
tion in the nodes in each network. With the exception of the nodal
peaks in the DMN and SN, the nodal peaks in the other networks
(CON, AN, VN, FPN, SCN, VAN, and DAN) were near the peaks of the

networks.

3.3 | Nodal trajectories

We further investigated age-related changes in the nodes, all of
which exhibited a nonlinear inverted U-shaped trajectory across the
lifespan. The peak ages for individual nodes varied across brain
areas and ranged from 17 to 62 years (Figure 5b). Notably, most of
the regions with peaks at older ages were in the SMN, FPN, and
DAN. Then, we used cluster analysis and found that the peak points
of nodes were grouped into three clusters: Cluster 1 (23.5830,
0.9863), Cluster 2 (38.3830, 0.9910), and Cluster 3 (51.0339,
0.9901) (Figure 5a). Three key points during aging were obtained:
24, 38, and 51 years.

Subsequently, we classified the peaks of the nodes and calculated
the proportion of each cluster in the different networks. As shown in
Figure 6, all nodal peak points in the SMN were concentrated at
approximately 51 years, which may be related to compensatory mech-
anisms in aging. In the AN, SCN, and VAN, all nodal peak points were
concentrated at approximately 38 years, which indicated that these
nodes were mature at approximately 38 years. In the CON, DMN, and
SN, the nodal peaks were distributed among the three clusters, indi-
cating that there were differences between the aging of networks and

the aging of nodes. The nodal peaks in the FPN and DAN were


http://www.spss.com/

NIU eT AL

0.990—

0.940-

0990
0980

= -
20970

0.960-
r=0.338

p < 0.001
0.950 T T T T

T
20 40 60 80 100

)
IR L
el - wE
! L]
1
- | .
0880 ; & @ o - iE 0.960 ! r=0.157
N 1
° o p=0012 [N B=0021
0.360 T T T T 0.950 T L T T
0 40 60 8 100 0 40 6 80 100
Age Age
FPN
0.980-] 0.985-] Age=45

0,975+ 0.980-

0970 0975

PE
PE

0.965- 0.970-

1
1
0.960— 09651 © 1 r=0.243 . r=0.293
)
° . ' P < 0.001 0982+ o p<o.001
o
0,955 0.960 T — T T T T T T T T
0 20 40 60 80 100 0 20 40 60 80 100
Age

0.990-

0.980-

0.970-
=
A 1
0.960- H
|
o ® q
0.950— 0.975 | r=0.355
.
|
' p < 0.001
0.940 T T T T T 0.970 T —t T T
0 20 40 60 80 100 0 20 40 60 80 100
Age Age

FIGURE 3 The developmental trajectory of network trajectories. The black line represents the linear model, and the red line represents the
quadratic regression model. The SMN was more consistent with the linear model, which increased with age (> =.161, p =.012). The other
networks (CON, AN, DMN, VN, FPN, SN, SCN, VAN, and DAN) were more consistent with the quadratic regression model and exhibited an

inverted U-shaped trajectory with peaks at different ages.

distributed among two clusters (38 and 51 years). In the VN, the nodal
peaks were distributed between two clusters (24 and 38 years).

Next, we further characterized the three clusters. In Figure 7,
each color represents a different network. First, we studied Cluster
1 (peak at 24 years). Figure 7a-1 shows the proportions of the SN,
VN, DMN, and CON in this cluster; the proportion of corresponding
network nodes in the cluster were 12%, 25%, 25%, and 38%, respec-
tively. Figure 7a-2 shows the locations of these networks in the whole
brain. Then, we studied Cluster 2 (peak at 38years). Figure 7b-1
shows the proportion of the networks (SN, AN, VN, DMN, DAN,
VAN, FPN, SCN, and CON) in this cluster. Most nodes peaked at
approximately 38 years. Notably, the largest proportion of nodes was
from the DMN, at 26%. The locations of these networks are pres-
ented in Figure 7b-2. Finally, we studied Cluster 3 (peak at 51 years).
Figure 7c-1 shows the proportion of the networks (DAN, SN, FPN,
VN, CON, and SMN) in this cluster. The FPN and SMN accounted for
27% and 30%, respectively. The locations of these networks in the

whole brain are shown in Figure 7c-2.

4 | DISCUSSION

In this study, we used PE approaches to examine age-related brain
alterations in a cohort of healthy subjects ranging from 6 to 85 years
old. We reached three conclusions. First, the global PE followed an
inverted U-shaped trajectory with a peak age around age 40. Second,
with the exception of the SMN (which was more consistent with a lin-
ear model and increased with age), most of the networks showed
inverted U-shaped lifespan trajectories, with the peak ages for PE
varying across networks (ranging from 25 to 52 years). Third, we fur-
ther investigated age-related changes in the nodes, all of which
showed inverted U-shaped lifespan trajectories, with the peak values
across nodes ranging from 17 to 68 years. Finally, this study identified
four basic aging trajectories: a functional network that exhibited a lin-
ear increase (i.e., the SMN); networks with an early peak age (<35
years) (i.e., the CON, VN, AN, and SCN); networks with a peak in mid-
dle age (35-44 years) (i.e., the DAN, SN, and VAN); and networks with
an older peak age (>44 years) (i.e., the FPN and DAN).
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FIGURE 4 The nodal peaks in 10 networks exhibited nonlinear changes with age (p <.001, Bonferroni correction). With the exception of
nodal peaks in the DMN and SN, the nodal peaks in the other networks (CON, AN, VN, FPN, SCN, VAN, and DAN) are near the peaks of the

whole networks.

4.1 | Peak global brain development at age 40

We found that the global PE followed an inverted U-shaped trajectory
with a peak age around age 40, suggesting that this age is an impor-
tant time point for maturation and degeneration of the human brain.
The whole brain showed deviations from linearity at critical ages, that
is, the ages where estimated atrophy started to decelerate. This is
consistent with human psychology and behavior. Psychological devel-
opment in early childhood gradually matures, and the ability to handle
events constantly improves. Middle age is a turning point in develop-
ment; after this point, there is a decline in various brain functions,
which manifests in cognition and behavior. Previous studies (Fjell
et al., 2013; Zhixiong et al., 2016) have shown that the human brain
peaks at approximately age 40, which is an important time point
regarding degeneration of the brain. In childhood, memory and cogni-
tive processing ability continuously improve, while in adulthood, they
are relatively stable. The age of 40 is a turning point in development

when cognitive function begins to decline. This notion is consistent
with our understanding of the cognitive function of the brain and the
results of this article.

4.2 | Theinconsistency of the network peaks

Previous neuroimaging studies (Hasan et al., 2009; Kochunov
et al., 2012) revealed different lifespan trajectories for different WM
tracts, with peak ages varying from 20 to 40years old (Djma
et al., 2012; Yeatman et al., 2014). Many studies have shown a
nonlinear relationship between the topological efficiency of the brain
and the volume of WM and GM with age (Allen et al., 2005; Lupien
et al, 2007), including a study with sample overlap (Walhovd
et al., 2011). Since each network may be functionally inconsistent, the
developmental trajectory of this network may also vary throughout
the lifespan, leading to changes in peak points. Overall, these studies
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FIGURE 5 The peak for each node and the clustering of node development trajectories divided into three clusters. (a) We used K-means
cluster analysis and found that the peak points of the nodes were grouped into three clusters: Cluster 1 (23.5830, 0.9863), Cluster 2 (38.3830,
0.9910), and Cluster 3 (51.0339, 0.9901). (b) The nodal peak of human brain. A total of 105 of 264 regions exhibited nonlinear changes with age
(p <.001, Bonferroni correction). The peak ages for nodal varied across areas, from 17 to 62 years.

FIGURE 6 The proportion of
each cluster in the different
networks. We found that all
nodal peak points in the SMN are
concentrated at approximately
age 51. In the AN, SCN, and VAN,
all nodal peak points are
concentrated at approximately
age 38. In the CON, DMN, and
SN, the nodal peaks are
distributed among the three
clusters. The nodal peaks in the
FPN and DAN are distributed
between two clusters (peak = 38
cluster and peak = 51 cluster). In
the VN, the nodal peak is
distributed between two clusters
(peak = 24 cluster and peak = 38
cluster).

SMN

Vv

are largely consistent with our results; the inconsistencies may be due
to differences in sample selection. Below, we discuss each network in
detail.

4.3 | The SMN exhibits a linear increase with age
The trajectory of the SMN was more consistent with a linear model
and showed increases with age. Sofie Heuninckx found a positive cor-

relation between activation levels in the higher sensorimotor network

N FPN SN
VAN DAN

CON

AN DMN
SCN

I Peak = 24 cluster
I Peak = 38 cluster
[ Peak = 51 cluster

and motor abilities in elderly individuals (Heuninckx et al., 2008),
which is consistent with our study. Functional imaging studies have
shown that older people engage in more complex brain activities than
young people when performing motor tasks. We believe that this age-
related hyperactivity reflects a compensatory mechanism or dediffer-
entiation. Compensation refers to additional activation that can coun-
teract age-related brain dysfunction, whereas dedifferentiation leads
to activation of classic motor coordination regions but also activation
of higher sensorimotor regions in elderly individuals (Yeatman
et al., 2014). Although the trajectory of the SMN as a whole is more in
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line with the linear model, the trajectory of the internal nodes was
more in line with the inverted U-shape. The peak age of all nodes was

late and concentrated in Cluster 3.

4.4 | Peak primary sensory network maturation is
at approximately age 30

The trajectories of the SCN, VN, and AN were more consistent with
the quadratic regression model, which exhibits an inverted U-shape,
and the PE in these networks peaked at 25, 32, and 34 years, respec-
tively. Based on previous research findings (Zhixiong et al., 2016), the
visual, auditory, and sensory cortices reach their peaks earliest and
then exhibit a downward trend. The primary sensory brain network
shows the fastest development. This is consistent with our results.
The nodes in the SCN were all concentrated at approximately age
38, but the final peak age of the SCN as a whole was at approximately
age 25. Thus, the peak age of the functional network as a whole was
inconsistent with each node. This difference may be due to the pro-
cess of calculating an average value for the functional network; addi-
tionally, nodes focus only on particular locations and therefore exhibit

significant differences. In the AN, the overall peak age was essentially

FIGURE 7 The proportion of
each network in the three clusters
and location of the networks in
the brain. Each color represents a
different network. (a-1) The
proportion of networks, such as
SN, VN, DMN, and CON in peak =
24 cluster, with the proportion of
nodes in these networks being
12%, 25%, 25%, and 38%. (a-2)
shows the location of these
networks in the brain of peak =
24 cluster. (b-1) shows the
proportion of the networks (SN,
AN, VN, DMN, DAN, VAN, FPN,
SCN, and CON) in peak =

38 cluster. (b-2) The location of
these networks of peak =

38 cluster. (c-1) The proportion of
the networks (DAN, SN, FPN, VN,
CON, and SMN) in peak =

51 cluster. (c-2) The location of
these networks of peak =

51 cluster.

the same age as each node in the network, which showed consis-
tency. Based on previous studies, the causes of aging in the VN may
be related to slower processing speed and reduced brain tissue vol-
ume in elderly individuals (Miiller-Oehring et al., 2013). Regarding the
subcortical functional network, changes in subcortical structures sur-
rounded by myelinated neurons with long axons may be related to
myelination (Ostby et al., 2009). Recent diffusion tensor imaging stud-
ies have confirmed that myelination is the main principle underlying
late childhood and adolescent development (Giorgio et al., 2008;
Lebel et al., 2008). The decrease in complexity may reflect the process
of synaptic pruning (Huttenlocher, 1990). We found that the overall
peak age of primary sensory networks was slightly earlier and concen-
trated at approximately 30 years old. The peak ages of the internal
nodes were different from those of the whole networks, but most of

the peaks of the aging nodes were concentrated in a certain range.
45 | Peak control network development at
approximately age 40

The trajectories of the CON and FPN were more consistent with the

quadratic regression model, which exhibited an inverted U-shape.
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These networks peaked at ages 34 and 45, respectively. The CON is
involved in many complex physical and visceral motor functions and
pain responses, while the posterior cingulate gyrus is the region that
monitors sensory, stereotactic and memory functions. Some studies
have shown that the peak ages for nodal efficiency vary across net-
works, and the peak age for CON efficiency was reported to be at
approximately 40 years, which is slightly different from our study
(Zhao et al., 2015). We think that this difference may be related to the
selection of subjects and research methods. We found that the final
peak age for this network was at approximately 34 years, but the
nodes peaked at different ages. The peak age of the frontoparietal
functional network was not exactly the same as reported in previous
studies; however, the general scope was consistent with previous
findings. For example, previous studies have found that aging of the
frontal cortex begins at approximately 45years old (Zhixiong
et al., 2016), and Tengda Zhao et al. (2015) found that the peak value
of the parietal lobe appeared later, at approximately 50 years. Regard-
ing the frontoparietal functional network, the peaks in the prefrontal
regions were consistent with the peak range reported for various cog-
nitive measures, such as inductive reasoning, spatial visualization, epi-
sodic memory, and perceptual speed (Salthouse, 2009; Zhao
et al.,, 2015), suggesting that the age-related adjustments in functional
network organization may support alterations in cognitive abilities
across the lifespan. Although the aging of nodes in the functional net-
work was not completely consistent with the peak age of the whole
network at age 45, the peak ages in most nodes were later, which was

consistent with the overall peak age.

46 |
age 41

Peak DMN development at approximately

The entropy in the DMN reached its peak at 41 years of age and then
began to decline. Studies have shown that during normal aging, func-
tional connectivity between the DMN in the anterior and posterior
parts of the central axis of the brain changes (Zhixiong et al., 2016).
From childhood to adulthood, the connection strength gradually
increases, reaches a peak, and then shows a downward trend. In old
age, the functional connectivity of the DMN is significantly weakened.
This is reflected in the decline in cognitive abilities such as memory
and attention. This functional change manifests in deficits, such as
atrophy in the cerebral cortex, damage to WM integrity, abnormal
dopamine neurotransmission, and amyloid deposition (Lindbergh
et al,, 2019; Sokunbi et al., 2013). We found that the nodal peak age
in the DMN was distributed across the three clusters, while the whole
network peaked at 45 years. This finding shows that the aging of the
DMN varies rather than aging in unison.

4.7 | Peak development of the attention networks

The attention networks included the VAN, SN, and DAN, and they
peaked at 38, 42, and 52 years, respectively. The VAN is mainly driven

by bottom-up stimulation. Basic networks, such as those related to
motor control, attention/cognitive control, conflict monitoring, social
information processing and emotional management, develop in chil-
dren and adolescents, consistent with a series of behavioral phenom-
ena, such as children's “learning peak” and adolescents' “adolescence”
(Liu et al., 2019; Zhixiong et al., 2016). Compared with adults, the func-
tional connectivity of the VAN is weaker at younger ages. The nodes in
the VAN all peaked at approximately age 38, and the final peak of the
whole network was at approximately 38. Interestingly, the peak ages
of the whole network and internal nodes were highly consistent. Both
affective processing and executive function are linked to the brain's
SN (Touroutoglou et al., 2018). As with the DMN, the peak age of the
internal nodes in the SN was distributed across the three clusters, and
the peak age of the whole network did not represent the peak age of
each position in the network. The DAN provides top-down attention
orientation, which matures later (Hoffmann, 2020). Although the peak
age for the internal nodes varied in the middle-aged and elderly age
groups, the peak age for most nodes was consistent with that of the
whole network. These brain regions belong to the attention network;
the peak ages of these brain regions were concentrated in a certain
range and followed a hierarchical order. The peak ages of their internal
nodes also followed hierarchical pattern. Therefore, although there
was some internal consistency within brain areas during aging, the spe-

cific degree of aging in each brain region is different.

48 | Comparison with existing research methods
Most previous studies in this area have constructed brain networks,
and the resulting functional connectivity mainly focused on the syn-
ergy between nodes; in contrast, the entropy measurements applied
in this study mainly start with the complex dynamics and focus on
changes in that complexity in each node. Previous studies have ana-
lyzed these changes in terms of functional connectivity (FC) (Liu
et al.,, 2021; Yan et al., 2018), graph theory (Jezga et al., 2020; Yan
et al., 2018), and network efficiency (Liu et al., 2021; Yan et al., 2018;
Zhao et al., 2017). Studies have found that local efficiency decreases
linearly from adulthood to old age, while global efficiency remains
unchanged. The PE method only considers the grade of the samples,
not their metrics. As it is a sequential measure, the PE has some
advantages over other commonly used entropy measures, including
simplicity, low computational complexity without further model
assumptions, and robustness in the presence of observed and
dynamic noise. PE has been used in EEG signal studies of human
absence epilepsy (Ferlazzo et al., 2014), typical absence seizures (Jing
et al., 2014), and MCI (Timothy et al., 2014). These studies suggest
that PE is a useful tool for studying brain complexity.

5 | CONCLUSION

In this study, a cohort of healthy subjects ranging from 6 to 85 years
old was used to comprehensively analyze the whole brain and
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separate networks from linear and quadratic perspectives using PE
methods. We aimed to identify the global and network trajectories in
the human brain during healthy aging to provide a complete descrip-
tion of the topological changes in the PE over time.

Overall, this study identified four basic aging trajectories, addi-
tional patterns with regard to developmental processes, and the dif-
ferentiation of the brain during development. The four basic types of
trajectories were as follows: a linear increase in the PE of a functional
brain network; an early peak in the PE (<35 years); a PE peak in middle
age (35-44 years); and a PE peak in older age (>44years). These
results suggest that the variations in lifespan trajectories could reflect
associations between variation in entropy and brain development.
These findings are important for elucidating methods to promote opti-

mal healthy development and aging.

5.1 | Limitations

The limitation of this article is that, first, the data used in this study
did not provide corresponding cognitive and behavioral characteris-
tics. Therefore, we did not further explore whether the trajectories
of the motor and neuropsychological scores were correlated with
PE trajectories across age groups. Second, a possible explanation
for the difference in peak points is the partial volume effects at dif-
ferent ages. In existing brain network research, the same template
is used from youth to old age; thus, the technical requirements are
not met, and there is no corresponding brain map from each
period. Third, data on a wide range of age groups are currently
scarce; our results would be more convincing if they were obtained
from multiple data sets. We will continue our research in the
future.
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