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Characterizing the trajectory of the healthy aging brain and exploring age-related structural changes in the brain can
help deepen our understanding of the mechanism of brain aging. Currently, most structural magnetic resonance imaging
literature explores brain aging merely from the perspective of morphological features, which cannot fully utilize the gray-
scale values containing important intrinsic information about brain structure. In this study, we propose the construction
of two-dimensional horizontal visibility graphs based on the pixel intensity values of the gray matter slices directly. Nor-
malized network structure entropy (NNSE) is then introduced to quantify the overall heterogeneities of these graphs. The
results demonstrate a decrease in the NNSEs of gray matter with age. Compared with the middle-aged and the elderly, the
larger values of the NNSE in the younger group may indicate more homogeneous network structures, smaller differences
in importance between nodes and thus a more powerful ability to tolerate intrusion. In addition, the hub nodes of differ-
ent adult age groups are primarily located in the precuneus, cingulate gyrus, superior temporal gyrus, inferior temporal
gyrus, parahippocampal gyrus, insula, precentral gyrus and postcentral gyrus. Our study can provide a new perspective for
understanding and exploring the structural mechanism of brain aging.

Keywords: two-dimensional horizontal visibility graph, brain aging, structural magnetic resonance imaging,
network structure entropy
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1. Introduction
Functional decline is a time-dependent phenomenon as-

sociated with aging. During normal aging, the brain changes
due to cell growth, myelination and atrophy as part of both
progressive and degenerative processes.[1] Brain aging will
not only affect the individual’s coordination, language, emo-
tional control and cognitive abilities, and other functions,[2]

but also may increase the incidence of age-related diseases
such as dementia and stroke. As a result, adverse effects will
significantly reduce the quality of life of individuals and bring
a significant burden to society. Characterizing the trajectory
of the healthy aging brain and exploring age-related structural
changes in the brain can help deepen our understanding of the
mechanism of brain aging and thus promote early prevention
of and intervention in diseases related to brain aging.[3]

Previous structural magnetic resonance imaging (sMRI)
research has shown that gray matter and white matter will at-
rophy during brain aging, accompanied by reduced gray mat-
ter volume, narrowed gyri and enlarged sulci.[4,5] According
to studies of brain volume, cortical thickness and magnetiza-
tion transfer concentration, the human brain follows specific
patterns during normal aging.[4,6,7] For instance, Bethlehem et

al.[4] revealed that the total volume of cortical gray matter in-
creased strongly after mid-gestation, peaked at about 6 years
and then followed a linear decrease. Additionally, the total
volume of white matter increased rapidly from mid-gestation
to early childhood, peaking at 28.7 years and beginning to de-
cline after 50 years. Karolis et al.[7] found that the white mat-
ter magnetization transfer concentration decreased from ante-
rior to posterior with brain aging. In the lateral white matter
region, magnetization transfer concentration increased before
45 years of age and then moderately reduced thereafter. These
studies explored the normal aging pattern of the human brain
from the perspective of brain morphology. Turning now to
the sMRI data per se, in addition to characterizing the mor-
phology of each brain tissue it can also provide the gray value
information for each voxel. Existing evidence has indicated
that the intensity of the texture signal of gray value in sMRI
is not uniform and has its own fluctuations.[8,9] Accordingly,
the gray values of sMRI data also reveal important information
about the structure of the human brain. In this regard, explor-
ing sMRI signal intensity can provide a new perspective for
studying brain aging, and such studies are currently limited.

The popular two-dimensional visibility graph (2DVG)
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method can perform network conversion directly on gray val-
ues. In addition to the ability to extract rich features from
graphs, 2DVG has good computational efficiency, which is
suitable for image processing and image classification.[10]

It has been successfully used in a wide range of image-
processing applications. For example, Iacovacci et al.[10] used
2DVGs as image filters in material texture detection to extract
features and perform multi-class image classification, achiev-
ing accuracies of over 95%. Nowak et al.[11] adopted the
2DVG algorithm to accurately quantify cell protrusions and
invaginations in leaf epidermis, exhibiting its advantages by
comparing different shapes, describing key features and char-
acterizing cell shape complexity simultaneously. Moreover,
Xiao et al.[12] revealed that the 2DVG algorithm could be used
to detect the pattern-related new features of two-dimensional
landscapes. These studies have demonstrated the effective-
ness of the 2DVG algorithm in natural image texture analy-
sis. However, whether this algorithm can be applied to med-
ical image texture analysis, such as sMRI images, is still un-
clear. According to the different visibility angles allowed be-
tween two points, the constructed visibility graph can be ei-
ther a natural visibility graph or a horizontal visibility graph
(HVG). In contrast to the natural visibility graph, the HVG
has fewer statistics and more straightforward geometrical vis-
ibility criteria.[13] Therefore, we constructed two-dimensional
HVGs (2DHVGs) based on the pixel intensity values of the
gray matter slices directly and then introduced the normalized
network structure entropy to characterize the trajectory pattern
of brain aging, which could be helpful for understanding how
the brain ages.

2. Materials and methods
2.1. Materials and data preprocessing

The T1-weighted sMRI data were downloaded from the
available Southwest University adult lifespan dataset.[14] This
study analyzed 494 healthy adults (187 men and 307 women,
aged 19 to 80 years). The subjects aged 19 to 25 years were
college students at Southwest University, whereas those aged
26 to 40 years were staff members at Southwest University,
with the rest having been recruited from communities near the
university campus. All the included participants were free of
psychiatric and neurological disorders and had no metal im-
plants in their brains. Additionally, all participants were re-
quired to have no brain trauma, taken no psychoactive drugs
within the previous 3 months and had no alcohol before the
scan. During the scan, all subjects were required to lie still,
close their eyes, refrain from thinking and stay awake. Dataset
collection was approved by the Research Ethics Committee
of the Brain Imaging Center at Southwestern University, and

written informed consent was collected before data acquisi-
tion. The work by Wei et al.[14] gives more details about the
dataset.

To obtain high-resolution T1-weighted anatomical im-
ages, a magnetization-prepared rapid gradient echo sequence
was used with the following parameters: repetition time
1900 ms, echo time 2.52 ms, inversion time 900 ms, flip angle
90◦, resolution matrix 256×256, number of slices 176, thick-
ness 1.0 mm and voxel size 1 mm×1 mm×1 mm.

Standard preprocessing of sMRI data was performed in
SPM12 software.[15] After manual reorientation and skull-
stripping, spatial normalization to the MNI space and seg-
mentation steps were conducted. Specifically, diffeomorphic
anatomical registration using the exponentiated Lie algebra
strategy[16] was adopted in this study to obtain the segmented
gray matter, white matter and cerebrospinal fluid with high
quality. During this step, the structural images were resampled
at a voxel size of 1.5 mm isotropic. As a final step, the sMRI
signal intensities were normalized and converted into 255 gray
scale values to eliminate the possible adverse effects of differ-
ent intensity ranges among subjects. After preprocessing, fur-
ther analysis was conducted on the segmented and converted
gray matter.

2.2. The construction of a 2DHVG

In the one-dimensional HVG algorithm proposed by
Luque et al.,[13] each data point in the time series corresponds
to a node in the mapped network. The link between data points
should satisfy the following visibility criteria: for any two
points (ta,ya) and (tb,yb) in the time series, if any arbitrary
point (tc,yc) between them satisfies yc <min{ya,yb},∀tc : ta <
tc < tb, these two points are defined as visible to each other.

A 2DHVG[10] can be constructed by generalizing the con-
struction concept of a HVG from one dimension to two dimen-
sions. Specifically, let an image I be a matrix where Ii j (Ii j ∈
R) is the pixel value at row i and column j. Take each pixel
in the two-dimensional image as a network node, and its cor-
responding pixel’s gray value determines each node’s height.
For each node, its connections with other nodes can be eval-
uated in four directions, i.e., upper and lower, left and right,
diagonal, anti-diagonal. The relationships between nodes in
each direction are then judged using the visibility criterion of
one-dimensional HVG. Mathematically, two nodes i j and i′ j′

are linked if (1) (i = i′)∨( j = j′)∨ [(i = i′+ p)∧( j = j′+ p)],
for some integer p, and (2) in the ordered sequence that in-
cludes i j and i′ j′, Ii j and Ii′ j′ are connected to each other in the
HVG. An illustrative example of the construction of a 2DHVG
is given in Fig. 1. The 2DHVG on the image can finally be
constructed by traversing all nodes.
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Fig. 1. Construction diagram of a two-dimensional horizontal visibility
graph (2DHVG). (a) Example of an image matrix. (b) The constructed
2DHVG. Each numerical value represents the gray value in the corre-
sponding pixel as a node.

2.3. Extraction of the normalized network structure en-
tropy

In order to measure the topological heterogeneity of the
2DHVG, the network structure entropy (NSE)[17] is used in
this study. Given a network of N nodes, letting ki be the de-
gree of node vi, the importance of the node vi can be measured
by Ii = ki/∑

N
j=1 k j. Accordingly, the NSE can be defined as

NSE=−∑
N
i=1 Ii× ln Ii. As for the nodes with ki = 0, it is spec-

ified that 0× ln0= 0. For a totally homogeneous network (i.e.,
k1 = k2 = · · ·= kN), the importance of each node is equal and
can be expressed by Ii = 1/N. In this case, NSEmax = lnN.
Conversely, in a star-like network, all nodes are connected
only to the central node (ki = N− 1 and k j = 1,∀ j 6= i). The
minimum of NSE can be obtained by NSEmin = ln[4(N−1)]/2
for this most heterogeneous network. Additionally, in order to
eliminate the effect of the number of nodes, we further nor-
malized the NSE (NNSE) as follows:

NNSE =
NSE−NSEmin

NSEmax−NSEmin

=
−2∑

N
i=1 Ii× ln Ii− ln[4(N−1)]
2lnN− ln[4(N−1)]

. (1)

3. Results
3.1. Construction results for 2DHVGs on gray matter

slices

In this study, the preprocessed gray matter volumes were
first resliced in the sagittal plane according to their original
scanning direction. Subsequently, the 2DHVGs were con-
structed on every single slice for each subject. The illustrative
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Fig. 2. The construction results of two-dimensional horizontal visibility
graphs (2DHVGs) on three different gray matter slices (x = 30, 60 and
90) from the same subject.

construction results of 2DHVG on three typical gray matter
slices are shown in Fig. 2. Even though the shapes of the con-
structed 2DHVGs on different slices differed, they were all
centered at the hub nodes and diverged at the terminal nodes.

3.2. Results of brain aging analysis on the NNSE

As a first step, we examined the degree distributions after
constructing the 2DHVGs. The majority of nodes were con-
nected only to their adjacent nodes on the upper and lower,
left and right, diagonal, and anti-diagonal directions (i.e.,
degree ≤ 8), while only a few nodes had larger degrees. As
shown in Fig. 3, the second half of the degree distribution
(i.e., degree > 13) followed a power-law form, which sug-
gested heterogeneity in the topology of 2DHVGs.
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Fig. 3. The log–log degree distribution plot of the two-dimensional hor-
izontal visibility graph on a gray matter slice. The abscissa represents
the logarithm of the degree values, and the ordinate represents the log-
arithm of the cumulative degree distribution.

As a next step, we extracted the NNSE from the 2DHVG
to measure its topological heterogeneity. After calculating the
NNSEs of each gray matter slice of each subject, the NNSEs
of all slices from the same subject were then averaged to obtain
the final NNSE for this subject. All slices with a maximum de-
gree of less than 10 were removed to reduce the impact of mi-
nor and unrelated brain tissues on the calculation results. Next,
in order to explore the relationship between the NNSEs of gray
matter and age, we further averaged the NNSEs from subjects
with the same age and then conducted a correlation analysis.
The results are shown in Fig. 4. Through quadratic polyno-
mial nonlinear fitting, the NNSEs of the gray matter showed a
decreasing trend with age (R2 = 0.45, RMSE = 0.0002).
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Fig. 4. Relationship between the normalized network structure entropy
(NNSE) values of gray matter and age (in years). In the nonlinear fit-
ting model (i.e., Y = ax2 + bx+ c) given in the legend, the parameters
are calculated as a =−1.98×10−7, b = 8.97×10−6 and c = 0.99.
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3.3. Hub node distribution in different age groups

Based on the 2DHVG constructed in each slice, the de-
gree value of each pixel can be determined. The three-
dimensional gray matter image reconstruction based on node
degree values can thus be achieved by replacing gray values
with degree values. Next, by setting 10 years as an age span,
all subjects aged 20–79 years were divided into different age
groups. In order to explore the distribution of hub nodes in
different age groups, we accumulated and merged the three-
dimensional brain data of degree values from subjects of the
same age group, selecting those nodes with the top 20 largest
degrees. In Fig. 5, we present the distribution of hub nodes
and the participation ratios of their assigned brain networks
for different age groups. As illustrated in Figs. 5(a)–5(c) and
5(g)–5(i), the common hub nodes in all age groups (aged 20–
79 years) were identified in the right precuneus, bilateral an-
terior cingulate gyrus, bilateral middle cingulate gyrus, right

posterior cingulate gyrus, left superior temporal gyrus and
right insula. After assigning each hub node to the brain net-
works, the participation ratios for the involved brain networks
can be obtained. As shown in Figs. 5(d)–5(f) and 5(j)–5(l),
the greatest number of hub nodes were located in the saliency
network (SAN) regardless of age group. Furthermore, the par-
ticipation ratios of the SAN increased from early adulthood
to adulthood, peaked at the age of 40–49 years and then de-
creased with age. Also, combinations of the SAN and the
default mode network (DMN) consistently accounted for the
overwhelming majority of brain networks. For younger and
middle-aged groups (i.e., age ranges 20–29, 30–39, 40–49 and
50–59 years), combinations of SAN and DMN accounted for
more than 90% of networks, while for the elderly (i.e., age
ranges 60–69 and 70–79 years), it fell to about 80%. Addi-
tionally, the number of participating brain networks exhibited
an increasing trend with aging.

Age range: 20~29 Age range: 30~39 Age range: 40~49

Age range: 50~59

ACG.RACG.L

ACG.L

DCG.L
DCG.L DCG.R

DCG.R

INS.R
PCG.R

PCUN.R
PCUN.L

HIP.L

STG.L

STG.L

Age range: 60~69

ACG.R
ACG.R

ACG.L

ACG.L
TPOmid.R

INS.R

INS.R

DCG.L
DCG.L

PreCG.L
STG.L

STG.L

HIP.L

PCUN.L

PCUN.R

Age range: 70~79

ACG.R

ACG.R

ACG.L

DCG.L
DCG.L

DCG.L
PreCG.L

STG.L
HIP.L

HIP.L

PHG.L PHG.L

INS.R

STG.R

CAL.R
PCUN.R

SAN

DMN

DAN

SMN

VN

SUB

(a) (b) (c)

80

60

40

20

0

SAN
DMN

DAN
SMNVN

SUB

R
a
ti
o
 (

%
)

80

60

40

20

0

SAN
DMN

DAN
SMNVN

SUB

R
a
ti
o
 (

%
)

80

60

40

20

0

SAN
DMN

DAN
SMNVN

SUB

R
a
ti
o
 (

%
)

ACG.L ACG.R

ACG.R
ACG.R

DCG.L

ACG.L
PreCG.L

STG.L INS.R

PCG.R

PCUN.R
PCG.L

ACG.L

ACG.L

DCG.L
DCG.L

STG.L

STG.L

HIP.L

PCG.L

ACG.R
ACG.R

DCG.R

INS.R

STG.R
PoCG.R
PCG.R

PCUN.R

ACG.R

ACG.R

DCG.R

ACG.L

DCG.L
DCG.L
ACG.L

STG.L

STG.L

INS.R

PCUN.R

(g) (h) (i)

80

60

40

20

0

SAN
DMN

DAN
SMNVN

SUB

R
a
ti
o
 (

%
)

80

60

40

20

0

SAN
DMN

DAN
SMNVN

SUB

R
a
ti
o
 (

%
)

80

60

40

20

0

SAN
DMN

DAN
SMNVN

SUB

R
a
ti
o
 (

%
)

(d) (e) (f)

(j) (k) (l)

Fig. 5. The distribution of hub nodes as well as the distributions of their assigned brain networks for different age groups (i.e., age ranges 20–29,
30–39, 40–49, 50–59, 60–69 and 70–79 years). In (a)–(c) and (g)–(i), the locations of the hub nodes in different age groups are shown in the
axial view and their names are given alongside. Moreover, each hub node is assigned to a corresponding brain network, and the distributions of
the ratios for the involved brain networks are shown in (d)–(f) and (j)–(l). To illustrate the results more intuitively, the hub nodes belonging to
the same brain network are colored the same as the brain network itself. Additionally, the names of each colored brain network are given in the
legend. For hub nodes, ACG = anterior cingulate and paracingulate gyri, DCG = median cingulate and paracingulate gyri, PCG = posterior
cingulate gyrus, PreCG = precentral gyrus, STG = superior temporal gyrus, TPOmid=middle temporal gyrus in the temporal pole, PHG =
parahippocampal gyrus, PCUN = precuneus, PoCG = postcentral gyrus, INS=insula, CAL = calcarine fissure, HIP = hippocampus, L = left
hemisphere, R = right hemisphere. For brain networks, SAN = saliency network, DMN = default mode network, DAN = dorsal attention
network, SMN = somatosensory network, VN = visual network, SUB = subcortical network.
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4. Discussion
In this study, we explored the pattern of human brain ag-

ing using sMRI slices taken from 494 healthy subjects aged
19–80 years. The 2DHVGs were constructed directly based
on the pixel values of the slices, and the NNSEs were then ex-
tracted to quantify the overall heterogeneities of these graphs.
The results suggested that the NNSE of the gray matter in-
creased in early adulthood, reached a peak in the mid-30s,
and then decreased with age. By exploring the distribution of
hub nodes, we further found that the common hubs in different
adult age groups were mostly located in the precuneus, cingu-
late gyrus, superior temporal gyrus, inferior temporal gyrus,
parahippocampal gyrus, insula, precentral gyrus and postcen-
tral gyrus.

Prior studies have demonstrated that the two-dimensional
slices and three-dimensional volumes of human brain sMRIs
have scale-free characteristics in morphology, which can be
measured by fractals and multifractals.[9,18,19] By contrast,
our study validated the scale-free characteristics from the per-
spective of pixel gray values in two-dimensional human brain
sMRI slices. Benefiting from the idea of visibility graphs, the
inherent characteristics in the original signal can be effectively
preserved after network conversion. For a fractal signal, it
can be transformed into a scale-free network.[20] According
to Luque et al.,[21] the adjacency matrix of the HVG can be
bidirectionally mapped via its degree sequence, and the de-
gree sequence can cover almost all the information contained
in the HVG. Hence, after constructing the 2DHVGs on sMRI
slices, we examined their degree distribution information and
revealed the intrinsic power law properties in all slices (see
Fig. 3). Our findings provide a new perspective for exploring
the scale-free characteristics on sMRI data in the human brain.

The heterogeneity of scale-free networks indicates that
there are differences in the importance of nodes. In the con-
structed 2DHVGs, high-degree hub nodes were rare while ter-
minal nodes with small degrees were prevalent. We herein
extracted the NNSE values based on their degree feature to
measure the overall heterogeneity of 2DHVGs. As a result,
the relationship between the NNSEs of the gray matter and
age was revealed to exhibit a decreasing trend (Fig. 4). More-
over, NNSEs were generally higher in young people than in
the middle-aged and the elderly. For a scale-free network with
a power-law distribution of degrees, NNSE can provide in-
sight into the ability of the network to tolerate intrusion.[22]

Based on this, it can be inferred that the larger NNSE val-
ues in the young group may indicate their more homogeneous
network structures, smaller differences in importance between
nodes and thus a greater capacity for tolerating intrusion. In-
triguingly, similar results can also be obtained by using the
resilience index,[23] which is a measure of network resilience

to evaluate human brain resilience. Brain resilience refers to
the ability of the brain to withstand lesions and maintain a ba-
sic level of functionality despite these injuries.[24] Because the
most significant functional decreases occur in lesion regions
with high centrality[25] this may suggest that the brain is not
resilient to attacks on hubs. In young subjects, network struc-
tures were more homogeneous, indicating a relatively uniform
degree of nodes and fewer super hubs and resulting in a greater
ability to tolerate intrusion. Furthermore, Shu et al. also re-
ported that the resilience index increased during development
and early adulthood, peaked at the age of about 35 years and
then decreased with aging.[23] Therefore, the nonlinear de-
creasing pattern between the resilience index and age was con-
sistent with our findings using NNSE, supporting our hypoth-
esis.

In addition, as shown in Fig. 4, NNSE values showed very
little variation across ages (the absolute magnitude is within
0.015). There is a possibility that brain compensation mech-
anisms might contribute to this. As reported, aging-induced
losses and compensation mechanisms might interact during
healthy aging.[26] In this process, the brain may exhibit atro-
phy, which could affect its function. Promisingly, the human
brain can compensate for aging losses by recruiting subopti-
mal brain regions or reorganizing new patterns of activity.[27]

When aging occurs in a healthy manner, the compensatory
mechanisms in the brain may outweigh the aging loss and the
brain may be able to make up for the loss of network con-
nectivity patterns by reorganizing the connections, thus restor-
ing normal brain functioning. Consequently, these two fac-
tors might explain why the differences between the NNSE val-
ues of healthy old subjects and young subjects were relatively
small.

There are several limitations in the current study. First,
2DHVG is limited to some extent in the context of three-
dimensional data analysis. As we know, the human brain has
a three-dimensional structure. In this sense, a more accurate
description of the human brain structure can be achieved by
constructing three-dimensional HVGs directly based on vol-
ume data. In the current study, we adopted the concept of
continuous slices for three-dimensional brain structure anal-
ysis, and constructed a series of 2DHVGs on these slices.
Although two-dimensional multislice and three-dimensional
sMRI sequences are often equally sensitive in capturing ef-
fective information,[28] developing a three-dimensional HVG
approach may be a promising research direction. Second, the
2DHVGs constructed directly on the pixel signal values are
essentially sparse. It is hence imperative to characterize the
heterogeneity of sparse networks accurately. Several NSE in-
dices (i.e., degree distribution entropy, SD structure entropy,
Wu structure entropy and FB structure entropy) have been pro-
posed to quantify network heterogeneity, and different indices
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can measure heterogeneity from different perspectives.[29] In
this study, the Wu structure entropy was adopted to mea-
sure the heterogeneity of 2DHVGs. Although we achieved
some satisfactory results, Wu structure entropy can reflect only
local network heterogeneity.[29] Comparatively, FB structure
entropy can describe the global topological variation, which
might lead to a more accurate identification of network het-
erogeneity than Wu structure entropy.[29] However, due to
the high computational complexity involved in calculating the
maximum flow of a network, FB structure entropy cannot cur-
rently be directly applied at the voxel level. It is therefore
promising to develop a more accurate and efficient structure
entropy algorithm that incorporates both global topology vari-
ation and local network heterogeneity. In this way, we can
promote the further exploitation of the inherent information in
the visibility graph.

5. Conclusions
From the novel perspective of gray values in sMRI, this

study examined the normal aging pattern of the human brain
in healthy individuals from early adulthood to the old age. The
2DHVGs were constructed directly from pixel gray values,
and the NNSE was introduced to measure topological hetero-
geneity. We observed a nonlinear decreasing pattern in NNSE
with age from early adulthood to adulthood and old age. Com-
pared with middle-aged and elderly subjects, the larger NNSE
values in young subjects were revealed to be associated with
the more homogeneous network structures and a greater abil-
ity to tolerate intrusion. Furthermore, we also found that the
hub nodes of different adult age groups were mainly located in
the precuneus, cingulate gyrus, superior temporal gyrus, infe-
rior temporal gyrus, parahippocampal gyrus, insula, precentral
gyrus and postcentral gyrus. Our study may contribute to the
understanding and exploration of the structural mechanism of
brain aging.
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