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Abstract: The human brain is approximately a symmetric structure, although the functional brain does
not exhibit symmetry. Functional brain aging process modelling is essential for the understanding
of hypothesized generative mechanisms for human brain networks throughout one’s lifespan.
We present a novel generative network model of the human functional brain network, which is the
hybrid of the local naive Bayes model and the anatomical similarity correction (LNBE). We use LNBE,
as well as published generative network models to simulate the aging process of the functional
brain network, to construct artificial brain networks and to reveal the generative mechanisms and
evolutionary patterns of human functional brain across human lifespans. It is suggested that the idea
of classifying common neighbours while considering anatomical distances during network formation
can provide a much more similar generative mechanism of the human fMRI brain aging process as
well as a more practical generative network model of it. We hold that studies on brain normal aging
process modelling have the potential to improve the way in which early warnings for latent injury or
disease are practised today and advance healthcare.

Keywords: graph theory; fMRI; functional brain network; generative network model; brain
aging modelling

1. Introduction

1.1. Brain Ageing

Brain ageing, to some extent, is inevitable, in the sense it affects every brain. Throughout human
lifespans, our brain changes like any other part of our body with each passing year. From the moment
the brain starts to develop in gestation to old age, its structure changes and, therefore, its functions,
networks and pathways as well. To date, brain ageing studies are applied to understanding the neuronal
mechanisms underlying normal and pathological brain ageing. Pathological ageing, which is usually
known as accelerated ageing, is an area with numerous studies aiming to improve our understanding
of pathogenic mechanisms of pathological ageing, why the rate of ageing differs and to promote
treatment strategy optimization [1-4]. While the normal ageing process is accompanied by cognitive
decline, loss of nerve fibres, etc. [5,6], it has been concluded that there is no massive neuronal loss
during normal ageing [7].

1.2. Brain Network Modelling

The human connectome is “a comprehensive presentation of the network of nodes and connections
forming the human brain” [8-10]. In the context of complex networks, the connectome is a network
with nodes and edges, a functional connection (an edge) between two cortical areas (nodes) segregated
by anatomical distance [11,12]. The human brain network is a macro-scale map of connectivities of the
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brain, where nodes usually represent brain regions, while edges represent functional, anatomica or
effective connections [13]. The functional connectome is the neural map of brain activity.

Within the framework of complex networks, generative network models simulate the mechanisms
by which networks are generated. The computational models provide opportunities to investigate
the hypothesized generative mechanisms to explore what structures those models could generate.
If the topological structures are similar to those of networks observed in the real world, this implies
that similar generative mechanisms may be at work in real brain networks. Studies of brain network
modelling have led to important findings of how the functional and structural connectivities of the
brain give rise to cognition [14-19]. Prior studies [20,21] considered anatomical distance as a major
determinant of the connection between two ROIs (regions of interest) during network modelling.
Studies showed that network topological factor, as well as the anatomical factor, have significant
effects on network formation and performance [12,22,23]. It is generally confirmed that link prediction
algorithms provide various rules for link establishment and network formation by quantifying the
topological similarity between two unconnected nodes [24,25].

1.3. Contributions of the Research

In this paper, we aim to simulate the ageing process of the functional brain network, and construct
similar enough artificial brain networks, in order to reveal the dynamic evolution patterns of human
functional brain network across the human lifespan and gain a better knowledge of the generative
mechanisms of it. We construct macro-scale functional brain networks using a novel generative network
model, LNBE, with a basis of a common neighbour link prediction model (LNB) [26] which combines
with the concept of anatomical distance similarity. During network formation, we innovatively evaluate
whether the artificial network has the same status as a real functional brain network by assessing the
artificial network every time a link is added. We evaluate and compare our proposed model to several
possible generative network models. We find that the combination of the idea of classifying common
neighbours and the anatomical distance similarity in the process of network formation provides a
more practical generative network model, and also provides suggestions of generative mechanisms of
the human brain ageing process.

2. Materials and Methods

2.1. Data Acquisition and Processing

Data applied in this work were obtained from International Consortium for Brain Mapping (ICBM)
Subject, Centre for Biomedical Research Excellence (COBRE) and State Key Laboratory of Cognitive
Neuroscience and Learning of Beijing Normal University (BNU) databases. A whole-brain, resting-state
functional magnetic resonance imaging (fMRI) image was acquired from each participant. Imaging
information of these datasets is freely accessible from the International Neuroimaging Data-Sharing
Initiative (INDI) of the 1000 Functional Connectomes Project [27] Each candidate's ethics committee
approved the submission of de-identified data. The institutional review boards of NYU Langone
Medical Center and New Jersey Medical School approved the receipt and dissemination of the
data [28]. Image pre-processing was performed using Data Processing Assistant for Resting-State
fMRI (DPARSF) [29] which is based on Statistical Parametric Mapping (SPM, Department of Cognitive
Neurology, Institute of Neurology, London, UK) software (SPM12) (http://www.fil.ion.ucl.ac.uk/spm/
software).

In this study, a total of N = 90 healthy participants were selected, (age range: 19-79, mean age:
42.2, M/F = 41/49). All participants were full-brain coverage scanned. It was guaranteed that the
90 participants were selected from the whole age range (19-79) as evenly as possible. Participants
were categorized by age into three groups: young (N = 30, ages 19-30, mean age = 22.7, M/F = 13/17),
middle-age (N = 30, ages 31-53, mean age = 42.6, M/F = 16/14,), and old (N = 30, age range 5479,
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mean age: 61.3, M/F = 12/18) (Table 1). Each group contains 30 participants and the mean age of each
group remains around a 20-year gap.

Table 1. Demographical statistics for participants of the study.

Group Classification Number of Participants ~ Sex Ratio (M/F)  Age Range  Mean Age

Young 30 13/17 19-30 22.7
Mid-age 30 16/14 31-53 42.6
Old 30 12/18 54-79 61.3

2.2. Construction of fMRI Brain Networks

Nodes and edges are fundamental elements of a network. In brain connectomics, the connectome
is generally described as a graph or network. Nodes are usually defined as regions or structural or
functional interacting units in the brain network, while between functional connections, interactive
relationships may also exist between anatomically unconnected nodes. For each participant in this
study, 90 regions of interest (ROIs) (45 for each hemisphere, as the whole brain approximately is a
symmetric structure) of the cerebrum were further functionally parcelled and defined as 90 nodes of
the functional brain network, by using the Automated Anatomical Labelling (AAL) atlas template.
The AAL atlas template is a software package and digital atlas of the human brain [30]. Then functional
connectivity was defined by the Pearson correlation coefficient between each pair of nodes based on
BOLD fMRI time courses [31]. By this procedure, a weighted 90 X 90 symmetric correlation matrix was
constructed for each participant. The elements of the matrix were the absolute values of correlation
coefficients. Fisher’s r-to-z transformation was performed to improve the normality of correlation
coefficients in the matrix. The correlation matrix was refined by setting threshold 6. If the absolute
values of correlation coefficients in between two nodes reached the threshold 6, these elements were
set to 1, otherwise to 0. Lastly, the correlation matrix was converted into binary adjacent matrix A,
which represents a functional brain network for each participant, where 4;;, an element of the matrix
A, represents the functional connection between node i and node j. Several studies proved different
thresholds 0 affect functional brain network [32,33], according to previous findings, 6 was set to 0.5,
as it is a relatively practical and optimized threshold.

2.3. Topological Measures in Functional MRI Brain Networks

Graph theoretical analysis for the functional brain network is performed in our study. Some of
the widely used and practical topological measures are applied, including number of edges,
average clustering coefficient, modularity, characteristic path length, global efficiency and local
efficiency. Edges (E) denote either physical connections or activity levels between nodes. The average
clustering coefficient (C) shows the popularity of clustered connectivity around individual nodes [34],
it is a useful measurement for understanding the functional and structural associations within the
brain. The modularity (Q) quantifies the tendency of a network to be decomposed into segregated
module structures (community structures) [35,36]. Characteristic path length (L), also known as the
average shortest path distance [37,38], describes the average of all shortest path lengths between
all the node pairs. Lengths of paths indicate the potential for functional integration between brain
regions. Shorter paths imply a stronger potential for integration [34], and facilitated information flow
between nodes (brain regions) across the network. Global efficiency (Eglbl) implies how efficiently the
information is transmitted within the network. Local efficiency (Elcl) is the efficiency of information
transfers between a node and neighbouring network nodes, similar to global efficiency, but the former
reflects network integration, while local efficiency reveals network segregation. Local efficiency
decreases with age [39]. Both local and global efficiency is positively associated with executive function
and information processing speed [40].
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3. Generative Network Model of Functional Brain Network

Generative network models of link prediction provide a set of mathematically and algorithmically
defined approaches, where simple connecting rules are being applied to generate artificial networks.
These days, one of the well-known examples of generative network models is the Barabasi—Albert
(BA) model [41], which was proposed to simulate and explain network formation processes of various
networks. Preferential attachment is the generative mechanism of the BA model, where nodes make
preferential selection on high-degree nodes (the degree of a node is the number of its adjacent-links [42])
in the period of connecting. Notably, the aim of using a preferential attachment mechanism is to
calculate the topological similarity between two given nodes. If two nodes both have larger degrees,
they score higher topological similarity and, therefore, their connecting probability is higher. At present,
both network topological features and anatomical distance are treated as essential impact factors in
modelling brain networks [12,22,23]. Vértes et al. established a hemisphere-brain network by using
an Economical Clustering Model (ECM) based on a link prediction algorithm of local topologies
called common neighbours (CN) in order to simulate the formation mechanism of human brain
networks [12,43]. In this study, we proposed a novel generative network model LNBE, inspired
by the idea of preferential attachment. In our model, which considers both topological features
and anatomical distance of the human brain, connections are established gradually according to the
connection probability. The general formation process of artificial brain network develops gradually
with age, and is realized by the increase of connections. Our model strives to simulate the generative
mechanism of fMRI brain network evolution. By investigating the process of artificial brain network
formation, we attempt to gain a better knowledge of the dynamic evolution pattern of the human
functional brain network across the lifespan.

The simulation starts from the “Young” fMRI brain network of group by adding a new connection
into the topology. The connection probability is calculated by the generative network model.
Each artificial network will receive a two-sample t-test, after one link is generated in artificial
network each time, in comparison of real fMRI brain networks of “Mid-age” and “Old” groups,
respectively. The two-sample t-test is between artificial brain networks and fMRI brain networks in
comparison of number of edges (edges), average clustering coefficient (C), modularity (Q), characteristic
path length (L), global efficiency (Eglbl) and local efficiency (Elcl). One iteration is completed by the
time when the p-value of the two-sample t-test is calculated. The network formation process takes
iterations until p-value of the t-test stops increasing. In other words, the artificial network with a
maximum p-value is considered as the accomplished artificial brain network. In Section 3.1, we give a
full description of the formation process of the artificial brain network. In Section 3.2, we perform a
preferential selection scheme which is used in the LNBE model.

3.1. Generative Scheme of Artificial Brain Network

It is particularly notable that artificial networks are generated by adding a certain amount of
links at one time, and evaluations applied after all requested links are added [22,23]. In order for a
clearer and more accurate observation on brain network formation, we apply a generative strategy as
follows: For each given graph G (V, E), where V is the set of nodes, and E is the set of links. i,j € V,
while e;; denotes the link between node i and j, ¢;; € E. The artificial brain network formation starts
from the brain network of young adults (group Young), and it evolves either towards mid-age or old.
Each initial brain network of group Young contains a fixed number of nodes, |V| = 90. Each network
contains different numbers of edges. In each iteration (growth and test), one node out of 90 is selected
and one connection is established between two neighbours of the chosen node based on connection
likelihood model.

The artificial brain network formation is an iterative process, which consists of the following three
major steps:
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1.  Initialization: Brain network extraction is started by image pre-processing. Experimental brain
fMRI datasets of participants across all age groups (group Young, group Mid-age and group
Old) are processed, and the relevant initial fMRI brain networks Gy = (gy1, &y2, -+ , §yn), G =
(gm1, §m2, --- » §mn) and Gy = (301, o2, - - - » Qon) are obtained. Each initial network consists of a
fixed number of nodes |V| = 90. Edge sets of participants in groups young, mid-age and old are
represented as E, = (ey1, €2, --- , eyn), Em = (€m1, €m2, - - , €mn), Eo = (€01, €02, - - - , €on), With the
threshold 6 value is being set to 0.5.

2. Growth: After initialization, artificial brain networks start to evolve from the status of young age.
For each brain network, one interested node v out of 90 ROIs is selected according to probability
po-see Equation (1) below—and the degree of node v is requested no less than 2. A connection is
expected to be established between node v’s two neighbour nodes i and j. Node i is selected firstly
from v’s neighbour nodes set |I'(v)|. Moreover, node i is not connected with at least one node
in [I'(v)|. Otherwise, a new interested node v must be selected again based on p,. The network
evolution process will not progress until the new qualified node v is found. Connection probability
pij of node i and the remaining neighbours (which are necessarily unconnected to node i) is
calculated by the connection likelihood model. A link will then be established according to the
highest connection likelihood, in between node i and j. This step continues to the next step when
each brain network within the group succeeds in adding a link.

3. Two-sample t-test: After a link is established in each network, the t-test is executed to test the
difference between the artificial brain networks and the fMRI brain networks (group Mid-age
and group Old, respectively), in comparing the number of edges, which is used to evaluate how
significant the difference is.

4. Process of iterations: Artificial brain networks formation is a process of iterations. Step 2 and
step 3 constitute one iteration, which adds one link to the network and performs a two-sample
t-test. As new links are being added to artificial brain networks, the p-value of t-test increases.
Therefore, the formation process ends when p-value stops increasing. The artificial brain network
with the greatest p-value at the current iteration is considered as the final artificial brain network.

The selection probability p, of selecting an interested node v is expressed by Equation (1):

ky
¥y RO i,

1

Po = 1)

where k; represents the degree of node v, the p, is positive correlated to the degree of node v.
This strategy allows nodes with larger degrees to get a larger probability of being selected.

3.2. Connection Likelihood Model-LNBE

The link prediction mechanism of CN model treats each common neighbour equally. Nevertheless,
common neighbours may have various degrees as well as other topological features, which implies
different common neighbours function differently while connections are established. According
to recent research, a local naive Bayes model (LNB) has been proposed [26]. As a probabilistic
model, the model makes a classification of common neighbours. In the LNB, two pairs of nodes
with the same amount of common neighbours may reach different selection probabilities during
connection establishment. Inspired by the idea of model LNB, we propose a probabilistic model LNBE.
By combining naive Bayes classifiers and the concept of anatomical distance similarity d; j, taking the
CN model as a basis, we investigate whether classifying common neighbours of node i and node j can
help with a more practical generative network model for human fMRI brain networks in the process
of ageing.
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In this study, topological features and anatomical distance of human brain are both considered.
Connections are established progressively according to the probability given by Equation (2):

ij

wn

where P; ; is the probability that nodes i and j are connected. S; ; denotes the contribution of topological
similarity to connection probability, and is computed by model LNB. In this study, 1/d;, refers to the
similarity of anatomical distance similarity of nodes i and j. A comprehensive illustration of how §; ; of
the LNB works is shown in the following part.

Firstly, an illustration of the naive Bayes classifier is given, as it will be used in calculation.

Naive Bayes classifiers are a collection of probabilistic classifiers based on Bayes’ theorem.
They are a family of classifiers which share a common principle. They are particularly well suited if
the assumptions are met that every pair of features being classified are independent from each other.
Abstractly, the conditional probability model of a classifier is written as p (Clxy, ..., x4), in which
C represents a dependent class, X = (x1, ..., x;) denotes the features. By using Bayes’ theorem,
the posterior probability P (C|X), can be calculated by P (C), P (X) and P (X|C), given by Equation (3):

p(C) (Xl, ceey, xn|C)
p(xll ceey xn)

p(Clxy, ..., xn) = ®)

Taking “naive” conditional independence assumptions into consideration, each feature x; of
a given class C is conditionally independent from any other features x;, for i # j. Thus, posterior
probability can be rewritten as Equation (4):

_ p(COp(xlC) ... p(xalC)  p(C) TTiL; p(xilC)
p(CRv, -y Xn) = p(x1, ..., xn) o p(x1, .o, Xn) ()

According to Bayesian theory, the posterior probability of node i and node j is connected is given
by Equation (5):

p(Ciy)
Ciil0ii) = —/—" | | &|IC; i ®)
P( ,J| 1) P(Oi,j) éeo,-/,-p(‘ ])

while the posterior probability of node i and node j are unconnected is:

) G )
p(Cijl0ij) = i ])' [T #elcs)) ©

P(Oi,j) £€0;;

In Equations (5) and (6), O;; denotes a common neighbour node set of any pair of node i and j.
p(Oi, j) is the probability of node i and j having any common neighbours. p(O,', ]-) and p(éi, j) denote
prior probabilities of node i and node j being connected and unconnected, respectively. Both prior
probabilities can be calculated according to a given graph G (V, E) as follows I Equations (7) and (8):

|E|

p(Cij) = VIavVI=1)/2 @)

A |E|
Ci)l=1-——""
P(Cij) VIVI=1)/2

where |V] and |E| represent the number of existing nodes and edges of graph G, respectively.
Node £ is a common neighbour of node i and j. For each node &, p(E‘Ci,J-) is the conditional

®)

probability that two connected nodes i and j having a neighbour node £ in common, while p<£|éi, j) is
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the conditional probability that two disconnected nodes i and j have a neighbour node & in common.
According to Bayes’ theory, these two conditional probabilities are as follows:

P(@'P(Ci,j|§)

&ICi i) = 9)
p( | 1) P(Ci,j)
L PEp(G)
&Cij) = —F——— (10)
p( J) P(Ci,j)

where p(&) is the probability that a selected node ¢ is also a common neighbour of one pair of nodes.
For the common neighbour node set of any pair of nodes i and j, the posterior probability of node i and
j being connected or unconnected is shown in Equations (11) and (12), respectively:

100) = G o e,y MG) ’

p(Cij001;) = 200 p(03]Ci) = 200 [1eco, P(E1C0) (11)
: PGi) o 1y - PG :

p(Cif[0is) = @'P(Ow' Cj) = H0,,) [Teco, Ple1¢0) (12)

Moreover, for given node i and j, a comparison between the two posterior probabilities may be
able to estimate whether the given nodes tend to connect. In order to capture the connection likelihood
of node pairs, topological similarity S;; of node i and node j is defined as the ratio of p(Ci, ]-|Oi, ]-) to

p(éi,j|Oi,]-) in Equation (13):

GLNBE _ P (Ci/f)_ H P(éi,j)'P(Ci,jIE,)

VEE — e (13)
p(C;jI€) can be calculated by the clustering coefficient of &, which is given by Equation (14):
2lE|
pCijlE) = —F—F— (14)
) e )

where N denotes the neighbour’s set of node &, |E;| represents the number of existing edges among
N¢, INg|(INg| — 1)/2 is the number of edges could possibly exist among N¢. As p(Ci,j|<S) + p((:“i,]-|é) =1,
we have:

) 2|E;
) =1~ a5)
[Ne|(Ne| -1)
Therefore, topological similarity can be written as Equation (16):
BCNE _ -1
SPENE — s H s-Re (16)
£€0;j
p(Ciy) _ WIGVI-1)-21E] 2|E]

where s = ) 3] and R; = As s is a constant for the given network,

INe|(INe|-1)-2[Ee|*
therefore, itself as well as s™ can both be neglected in the calculation. It is obvious, if Rz = 1,
the contribution of topological similarity to connection probability, which is computed by the LNBE
model, is equal to the CN model.

In network topology, each node has its own local topological performance, i.e., degree (N¢) and
connections (E¢), therefore, different common neighbours & € O; ; obtain different values of R¢, which

1
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means they make a different contribution to the topological similarity while the connection likelihood
of nodes i and j are being calculated.

Additionally, to obtain a linear formula of the topological similarity, a logarithmic function is
used on both sides of Equation (16). Then, topological similarity SE}CN E of a linear function is given by
Equation (17) [26]:

SE].CNE’ =Y log(s) + Y. log(R:)

£€0;

=|0;j|log(s) + ¥ log(Re)
£€0;,;

(17)

4. Statistical Evaluation of Generative Network Models

Goodness-of-fit of each generative network model is theoretically evaluated by how well the
generated networks fit the fMRI brain data by comparing the overall network performance of generated
networks and fMRI brain networks. Inspired by previous studies on the evaluation of generative
network models [12,22,23], the Likeness is calculated via Equation (18) to measure the significance of
the difference between a generated artificial brain network and the fMRI brain network, according to
an overall condition. This function is defined based on the p-values associated with the two-sample
t-test of the difference in the number of edges (edges), average clustering coefficient (C), modularity
(Q), characteristic path length (L), global efficiency (Eglbl) and local efficiency (Elcl):

Likeness = Pegges + Pc + Pq + PL + Pegipt + Pria (18)

where Pege,s is the p-value associated with two-samples t-test for the difference in the number of
network edges of a set of 90 model-generated artificial brain networks vs. a set of 90 fMRI brain
networks. Similarly, Pc, Pg, PL, Pegip and Py are the p-values of two-sample t-tests for the difference
in average clustering coefficient, modularity, characteristic path length, global efficiency and local
efficiency between artificial brain networks vs. fMRI brain networks, respectively. A high Likeness
value indicates a high similarity between the generated artificial brain networks and the observed
fMRI brain networks. The Likeness function applied to those artificial networks when the p-values stop
increasing. In other words, the Likeness function is applied to mid-age artificial brain networks and to
old artificial brain networks.

5. Results

5.1. Ageing of the Functional Brain Network

Ninety fMRI brain networks were obtained in total and were divided into three different age
groups. We took the average of each group and demonstrated network topologies, as shown in
Figure 1. Figure la is brain network topologies of group young, Figure 1b is for group mid-age,
while Figure 1c is for group old. All 90 nodes were ordered by node ID. The layout direction was
counter-clockwise. Nodes were coloured according to the node’s modularity classes, while sizes vary
with nodes” degree. Node no. 1 of each brain network was marked in Figure 1. Nodes interacted
with other nodes through all the network, accordingly, the topological structure of brain network
changes constantly. Taking node-1 as an example, it connected to seven out of 90 nodes in the same
community (black nodes) during young phase (Figure 1a). The node-1 community aligned itself with
more nodes and built a larger community during the mid-age phase (light grey nodes) (Figure 1b),
as all the black nodes and some of the other nodes joined them. The edges visibly increased in the
old phase, and the node-1 community shuffled a little yet kept enlarging. Some of the nodes from
19-34, as well as most of the nodes from 57-72 (light grey nodes, both subgroups were marked by arcs),
joined into the observing community (Figure 1c).
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(a) young (b) mid-age (c) old

Figure 1. Illustration of the real fMRI brain network topology. (a) Brain network topology of group
young, (b) brain network topology of group mid-age, (c) brain network topology of group old.
The colours of nodes vary with the node’s modularity classes. Node sizes vary with the node’s degree.
Node no. 1 of each brain network was marked.

Several topological network measurements (i.e., number of edges, average clustering coefficient,
modularity, characteristic path length, global efficiency and local efficiency) were applied on the
observed fMRI dataset to capture the functional brain network’s dynamical performance as well
as topological features. The results were demonstrated by boxplots (Figure 2). Potential unusual
observations (outliers) were eliminated from the dataset (Figure 2). To achieve further insight of the
normal brain aging process, a linear regression analysis was applied to capture the general evolution
tendency of the functional brain network, especially in terms of network topological features, i.e.,
the number of edges, average clustering coefficient, modularity, characteristic path length, global
efficiency and local efficiency (small windows in Figure 2). Colours of elements in the illustration
represent the evolving trend of topological property. It is shown that edges and the value of average
clustering coefficient, global efficiency and local efficiency increased with age, which was demonstrated
by orange colour (Figure 2a,b,e,f). It is also found that the value of modularity and characteristic path
length both decreased with age, as demonstrated by blue in Figure 2¢,d. Median and mean value of
each property evolved among different age groups (from young through mid-age to old), and obeyed
the evolving trend of scatters and fitting lines in small windows. Boxplots and linear regression plots
showed the consistency of the evolution trend of each topological property of the functional brain
network in the aging process.

5.2. Evaluation Results—Comparison of the LNBE Model Versus Mechanistic Generative Network Models

In order to test the LNBE model we proposed, we compared LNBE versus five state-of-the-art
mechanistic models for link-prediction and link-based network growth. Additionally, we also
considered the performance of a random predictor. Three of these models are based on classical
mechanistic modelling: common neighbours (CN) [43], Barabasi—-Albert (BA) [40] and Jaccard (JC) [44].
Whereas, two of the tested mechanistic models are the Cannistraci-Alanis—Ravasi model (CAR) and the
Cannistraci-Alanis—Ravasi Resource Allocation model (CRA) [45]. The comparison was implemented
by performing two-sample t-test between artificial networks and functional brain networks and by
analysing the energy index. We drew a comparison between each generated networks and fMRI brain
networks, the results were demonstrated in the heatmap, Table 2 represents the obtained p-value
and energy index. In Table 2, lower values were demonstrated by tinted tones, while higher values
were by shaded tones. It was found that the artificial brain network generated by the LNBE model
outperformed those generated by other models. For the LNBE model, apart from average clustering
coefficient of group old (C, p-value = 0.0215), p-values of two-sample ¢-test of the other five topological
properties were highly non-significant in both group mid-age and group old. The other three noticeably
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well-performed models were CN, CAR and CRA. Their p-values were mostly above 0.05. For the
CN model, similar to the LNBE, the average clustering coefficient of group old showed a significant
difference to functional brain network (C, p-value = 0.0104 < 0.05). Yet interestingly, speaking of the
average clustering coefficient, CAR and CRA had outstanding performance instead (Ccag, p-value
= (0.7095 > 0.05, while Ccgrp, p-value = 0.5151 > 0.05). For model CAR, p-values were all above 0.05
in group mid-age. In contrast, among group old, it performed poorly in the index of modularity (Q,
p-value = 0.0442 < 0.05) as well as local efficiency (Elcl, p-value = 0.0162 < 0.05), but had a considerably
good performance in characteristic path length (L, p-value = 0.9599 > 0.05). For the CRA model, all
the observed topological properties showed acceptable performance, as their p-values are above 0.05,
apart from the index of local efficiency in both group mid-age (Elcl, p-value = 0.0041 < 0.05) and group
old (Elcl, p-value = 0.0298 < 0.05). The Likeness value of the artificial brain network generated by the
LNBE model was 4.4794 in group mid-age, and 3.4021 among group old, with both higher than the
other models.
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Figure 2. Illustration of six observed topological properties of fMRI brain network. Subfigure (a) is
the number of edges of functional brain network, while (b) is for average clustering coefficient, (c) is
modularity, (d) characteristic path length, (e) global efficiency and (f) local efficiency. Each subfigure is
demonstrated by boxplot, where the comparison is made among different groups, from young through
mid-age to old. Small windows within each illustration is a linear regression plot of property value,
which represents a general evolution trend of each topological property. Orange and blue represent the
increase and decrease of the property value, respectively.



Symmetry 2020, 12, 91 11 of 15

Table 2. A comparison between artificial brain networks and fMRI brain networks among group
mid-age and group old.

Comparision Model E C Q Eglbl Elcl Energy

LNBE 0.3766
0.1694

CN
0.2761

network vs.
fMRI brain
network

(Group Mid-age)
artificial brain

0.0215

0.0162

0.5650
0.0496 0.0017 0.2778 0.0756 0.1008 1.4919
0.4574 0.0321 0.2294 0.0223 0.5938 2.3212
0.0022 0.1502 0.0051 0.0407 0.4003 1.5912

E = edges, C = average clustering coefficient, Q = modularity, L = characteristic path length, Eglbl = global
efficiency, Elcl = local efficiency. The second column (Model column) is the abbreviation for each generative network
model. The comparison in each group is among LNBE and six possible generative network models. (Comparison
among group mid-age is stated in an orange background, while comparison among group old is stated in yellow
background.) Each cell of the table is the p-value associated with two-sample t-test of difference in observed
topological properties. Lower values are demonstrated by tinted tones, while higher values are by shaded tones.

[ [

range of values of the index of comparison among group mid-age (lowest-highest).
range of values of the index of comparison group among old (lowest-highest).

network vs.
fMRI brain
network

JC
Random

(Group Old)
artificial brain

5.3. Model LNBE—In Comparison with Functional Brain Networks

As the LNBE was proved to be the most relatively optimized generative network model, a series of
topological analysis was applied to artificial networks which were simulated by the LNBE. The boxplots
below (Figure 3) illustrated an overview of the comparison between functional brain network and
artificial network generated by the LNBE on dynamical performance and topological features. In each
diagram, two boxes were plotted in both mid-age phase and old phase along the x-axis, showing
the comparison of functional brain network and artificial network on each topological property with
age. A few potentially unusual observations were marked as outliers so that the analysis results
would not be affected by extreme deviations. Apart from the evolution trend of each topological
property of functional brain network shown above (i.e., edges, and the value of average clustering
coefficient, global efficiency and local efficiency increased with age, while the value of modularity
and characteristic path length both decreased with age), it was found that all indices of the artificial
network mainly performed in accordance with those of the functional brain network, especially in
terms of the general evolution trend, which implies the generative network model does mimic the
aging process and the evolution pattern of human functional brain networks.
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Figure 3. Comparison of artificial networks generated by LNBE and fMRI brain networks on six
studied topological properties. Subfigure (a) is the comparison of the number of edges between artificial
network and functional brain network, while subfigure (b) is for average clustering coefficient, (c) is
modularity, (d) characteristic path length, (e) global efficiency and (f) local efficiency. The shaded part
is for the fMRI brain network, while the non-shaded part is for the LNBE generated network.

6. Discussion

The results strongly indicated the concept that the topology of functional brain network and its
topological features evolved progressively and constantly while aging. It is found that all the indices
of artificial networks (generated by the LNBE) performed in accordance with those of functional
brain networks, especially the centre, spread and overall range of each pair of datasets. Growth of
edges demonstrated either physical connections or activity level between nodes (brain regions) raised.
An increase of the average clustering coefficient indicated that the nodes in the network are more likely
to have highly-connected neighbours, which can be considered as an expected consequence of growing
edges. The results showed global efficiency and local efficiency increased with age, which indicated
that global and local behaviour improved, that information is exchanged more efficiently within the
brain network, and that the executive function and information processing speed both increase with
age. The decrease of modularity and characteristic path length implied the stronger potential for
integration between brain regions and presence of significant community structure in the network and,
therefore, the information flow between nodes (brain regions) across the network is facilitated. This
result might seem controversial in the sense that it is known that the brain performance diminishes
with aging. However, the brain performance is not only the function of the functional connectome
organization, but there are also other molecular factors which are not taken into consideration in
this study.

p-values and Likeness revealed how significant the differences between artificial brain networks
generated by the LNBE and the six other studied models were to functional brains. It is apparent
that the overall performance of model LNBE stands out among others, in the sense that the artificial
brain network generated by the LNBE model behaves and evolves more alike to fMRI brain networks
than the other artificial networks generated by the rest of the models throughout the lifespan. We also
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observed that the average clustering coefficient of LNBE artificial network has a significant difference to
it of functional brain network among group old. The comparison results also suggested three out of six
models performed well. These models are CN, CAR and CRA. The CN model operates similarly to the
LNBE, as artificial networks generated by the CN model are mostly similar to functional brain networks
but the average clustering coefficient is shows a statistically significant difference, while it is found that
CAR and CRA models had good concrete performance on this index. The results showed that the CAR
artificial networks had significant differences associated with the comparison of modularity and local
efficiency with those of functional brain networks among group old. It is also noticeable that local
efficiency of artificial networks which are generated by CRA showed a significant difference to it of
functional brain networks among both groups of mid-age and old, which indicated a different local
behaviour of artificial networks and functional networks. Considering the value of Likeness, the LNBE
performed as the best model in comparison of the six models. Both CRA and CN can be considered as
the second-best models in comparison, they both performed better than CAR in general, and CRA is
the second best (better than CN) in comparison among group old.

By proposing a novel generative network model, LNBE, for human functional brain networks,
we simulated the ageing process of functional brain networks, generated similar enough artificial
brain networks and attempted to obtain a better understanding of the generative mechanisms and
evolution patterns of the human brain throughout the human lifespan. By comparing the LNBE to the
different generative models, we revealed that the idea of classifying common neighbours in the process
of network formation provides a similar generative mechanism of human brain ageing process as
well as a more practical generative network model. The functional brain ageing process modelling is
essential for understanding how cognitive processes develop and evolve across the lifespan. We hold
that this study will have the potential to improve the way in which early warnings for latent injury or
disease is practiced today and advance healthcare.
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