
 

 

Identification of unstable individuals in dynamic networks 

Dongli Duan(段东立), Tao Chai(柴涛), Xixi Wu(武茜茜), Chengxing Wu(吴成星), Shubin Si(司书宾), and Genqing 

Bian(边根庆) 

Citation:Chin. Phys. B, 2021, 30 (9): 090501.   DOI: 10.1088/1674-1056/abe92f 

Journal homepage: http://cpb.iphy.ac.cn; http://iopscience.iop.org/cpb   

 

What follows is a list of articles you may be interested in  

 

Dynamic modeling and aperiodically intermittent strategy for adaptive finite-time 

synchronization control of the multi-weighted complex transportation networks with 

multiple delays 

Ning Li(李宁), Haiyi Sun(孙海义), Xin Jing(靖新), and Zhongtang Chen(陈仲堂) 

Chin. Phys. B, 2021, 30 (9): 090507.   DOI: 10.1088/1674-1056/abea92 

Nonequilibrium free energy and information flow of a double quantum-dot system with 

Coulomb coupling 

Zhiyuan Lin(林智远), Tong Fu(付彤), Juying Xiao(肖菊英), Shanhe Su(苏山河), Jincan Chen(陈金灿), and Yanchao 

Zhang(张艳超) 

Chin. Phys. B, 2021, 30 (8): 080501.   DOI: 10.1088/1674-1056/abe119 

Complex network perspective on modelling chaotic systems via machine learning 

Tong-Feng Weng(翁同峰), Xin-Xin Cao(曹欣欣), and Hui-Jie Yang(杨会杰) 

Chin. Phys. B, 2021, 30 (6): 060506.   DOI: 10.1088/1674-1056/abd9b3 

Dynamics of high-frequency modulated waves in a nonlinear dissipative continuous 

bi-inductance network 

S M Ngounou and F B Pelap 

Chin. Phys. B, 2021, 30 (6): 060504.   DOI: 10.1088/1674-1056/abd751 

Dynamical robustness of networks based on betweenness against multi-node attack 

Zi-Wei Yuan(袁紫薇), Chang-Chun Lv(吕长春), Shu-Bin Si(司书宾), and Dong-Li Duan(段东立) 

Chin. Phys. B, 2021, 30 (5): 050501.   DOI: 10.1088/1674-1056/abd468 

 

-------------------------------------------------------------------------------------------------------------------- 

http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/abe92f
https://doi.org/10.1088/1674-1056/abe92f
http://cpb.iphy.ac.cn/
http://iopscience.iop.org/cpb
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/abea92
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/abea92
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/abea92
https://doi.org/10.1088/1674-1056/abea92
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/abe119
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/abe119
https://doi.org/10.1088/1674-1056/abe119
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/abd9b3
https://doi.org/10.1088/1674-1056/abd9b3
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/abd751
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/abd751
https://doi.org/10.1088/1674-1056/abd751
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/abd468
https://doi.org/10.1088/1674-1056/abd468


Chin. Phys. B Vol. 30, No. 9 (2021) 090501

Identification of unstable individuals in dynamic networks*

Dongli Duan(段东立)1,†, Tao Chai(柴涛)1, Xixi Wu(武茜茜)1,
Chengxing Wu(吴成星)1, Shubin Si(司书宾)2,3, and Genqing Bian(边根庆)1

1School of Information and Control Engineering, Xi’an University of Architecture and Technology, Xi’an 710311, China
2School of Mechanical Engineering, Northwestern Polytechnical University, Xi’an 710072, China

3Key Laboratory of Industrial Engineering and Intelligent Manufacturing (Ministry of Industry and Information Technology),
Northwestern Polytechnical University, Xi’an 710072, China

(Received 23 December 2020; revised manuscript received 3 February 2021; accepted manuscript online 24 February 2021)

To identify the unstable individuals of networks is of great importance for information mining and security manage-
ment. Exploring a broad range of steady-state dynamical processes including biochemical dynamics, epidemic processes,
birth–death processes and regulatory dynamics, we propose a new index from the microscopic perspective to measure the
stability of network nodes based on the local correlation matrix. The proposed index describes the stability of each node
based on the activity change of the node after its neighbor is disturbed. Simulation and comparison results show our index
can identify the most unstable nodes in the network with various dynamical behaviors, which would actually create a richer
way and a novel insight of exploring the problem of network controlling and optimization.
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1. Introduction
The rapid development of large-scale networks in vari-

ous fields makes the research of complex networks more and
more essential.[1] In many real systems with different dynamic
processes, the exchange of substance, energy, and information
occurs frequently to perform the functions of the system. Gen-
erally, a local perturbation will gradually spread to the whole
system, which will even affect other networks through inter-
dependencies between networks.[2] Hence, there is a growing
concern on the dynamic processes to reveal the character and
function of actual networks.[3,4] The stability of the network
is defined as the system ability to maintain the steady state or
function after being disturbed. The loss and impact caused by
network failures or crashes makes the research of the network
stability more valuable and practical.

The stability evaluation is one of the basic problems in
various dynamic systems, such as neural network, epidemics
process and critical infrastructure networks. In neural net-
works with time delay, one could derive the stability condi-
tions of neural networks under different conditions by matrix
inequalities based on stability theory and functionals,[5–7] the
necessary and sufficient conditions of network stability could
be obtained furthermore by Lyapunov stability theory. Duan
et al.[8] studied the stability and decentralized control prob-
lems in linear and sector-nonlinear complex dynamical net-
works, and gave the necessary and sufficient conditions for
stability under special decentralized control strategies. With

these methods, Liu et al.[9,10] focused on the stability analy-
sis and decentralized control problems for a special linear dy-
namic network by state space dynamic approach. The global
asymptotic stability in epidemic models has also been exten-
sively studied. The dynamic thresholds of epidemic models
have been obtained by analyzing the networks with different
traits, such as the SIRS epidemic model in the complex het-
erogeneous networks,[11] the SIS network model incorporat-
ing the influence of media,[12] the SIS epidemic model with
feedback mechanism on networks,[13] the SIS and SIRS mod-
els in adaptive complex network.[14] For example, in the het-
erogeneous network with birth and death rates, Li et al.[11]

found that the threshold value completely determines whether
the disease-free equilibrium of the SIRS model can be stable.
The traffic problems frequently occur with the rapid develop-
ment of modern cities, which makes the robustness and sta-
bility of transportation networks receive more attention.[15,16]

Yang et al.[17] assessed the robustness of Beijing Subway sys-
tem (BSS) network and found that the BSS exhibits typical
characteristics of a scale-free network, with relatively high
survivability and robustness when faced with random failures,
whereas error tolerance is relatively low when the hubs un-
dergo malicious attacks.

The stability of the entire complex system is one of the
major focuses in these systems. The research on neural net-
work and epidemic model mainly uses stability theory to an-
alyze the steady state of the complex system and explores the
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threshold of network activity state. For traffic networks the
concern is the dynamical propagation characteristic and the
stability of of the entire transportation networks under pertur-
bation, which generally is performed by by modeling and sim-
ulation.

However, as the mesoscopic structure organization can
describe the interaction mechanism and evolution process of
the networks more precisely, it becomes the focus of network
science research gradually replacing the research of macro sta-
tistical law.[4] Gao et al.[18] studied the system resilience by
conducting intentional disturbance such as removing the node
or the edge and changing the weight of network. Barzel et
al.[19] proposed a correlation matrix to describe the interaction
between the nodes and the activity change. They defined the
stability of the disturbed node based on the adjacency matrix
and the correlation matrix, which captures the magnitude of
the response of disturbed node to individual perturbations of
the nearest neighbors. The fluctuation occurs frequently due
to the external disturbances in real systems. The changes of
the entire network under perturbations, especially the impact
of disturbances at the individual node on the entire network
are critical to the controlling and optimization of complex net-
works. Compared with the stability analysis of the whole sys-
tem, we tend to revel the stability impact of individual com-
ponents on the whole network, especially the individual node
which is disturbed in the dynamic networks.

In this paper, we explore the stability of nodes for a broad
range of steady-state dynamical processes including biochem-
ical dynamics, epidemic processes, birth–death processes and
regulatory dynamics. Since the close relationship between the
steady-state activity of the nodes and the structure, we try to
directly revel the interaction and stability between the nodes
by the structure feature. With the local correlation matrix
(LCM) and the Markov process, we propose a new index of
stability to identify the most unstable nodes in the dynamic
networks.

2. Local correlation matrix and stability index
To explore nonlinear dynamics on various complex sys-

tems, the individual’s activity and its changes are always used
to describe the evolution process. Suppose a complex network
with N nodes (components), the dynamical process of each
node i is captured by its activity following the rate equation as

dxi

dt
=W (xi)+

N

∑
j=1

Ai jQ(xi,x j). (1)

Here W (xi(t)) represents the self-dynamics on node i, and
Q(xi,x j) describes the effect of the pairwise interaction. Equa-
tion (1) represents the dynamical models in Table 1 when xi

is given with the corresponding actual meaning. In epidemic
processes (ℰ), xi is the infection probability. In biochemical

dynamics (ℬ), xi denotes the concentration of a reactant. In
birth–death process (ℬ𝒟), xi represents the population at i. In
regulatory dynamics (ℛ), xi is the expression level of gene
i.[19] When the system comes to a steady state, the activities
will not change any longer, so one gets dxi/dt = 0, namely,

1−
N

∑
j=1

Ai jQ̃(xi,x j)=0, (2)

where Q̃(xi,x j)=Q(xi,x j)/W (xi).
A perturbation is induced on node j to study the correla-

tion between nodes, and the response of the neighboring node
i is xi → xi +∂xi. Due to the disturbance at node j, the entire
system will reach a new steady state, that is,

1−
N

∑
n=1
n ̸= j

AinQ̃(xi +∂xi,xn)−Ai jQ̃(xi +∂xi,x j +∂x j)=0. (3)

By expanding the two terms in Eq. (3) in order ∂xi

and ∂x j, one gets Q̃(xi + ∂xi,xn) = Q̃(xi,xn)+ Q̃′
xi
(xi,xn)∂xi

and Q̃(xi + ∂xi,x j + ∂x j) = Q̃(xi,x j) + Q̃′
xi
(xi,x j)∂xi +

Q̃′
x j
(xi,x j)∂x j +𝒪(∂xi∂x j).[19] Excluding the high order non-

linear term 𝒪(∂xi∂x j) and using the steady state condition of
Eq. (2), we finally reach(

N

∑
n=1

AinQ̃′
xi
(xi,xn)

)
∂xi +(Ai jQ̃′

x j
(xi,x j))∂x j = 0. (4)

Therefore, one gets

∂xi

∂x j
=−

Ai jQ̃′
x j
(xi,x j)

N
∑

n=1
AinQ̃′

xi
(xi,xn)

. (5)

In order to describe the influence of disturbed nodes j, the
local correlation matrix Ri j is proposed, which represents the
degree of influence of all neighbors around the node j after
it is disturbed. After the node j is disturbed, the neighboring
nodes will continue to interact with each other following the
local correlation matrix Ri j, and the nodes i are only affected
by the neighboring nodes to reach the steady state. Hence, the
correlation matrix is

Ri j =

∣∣∣∣ ∂xi/xi

∂x j/x j

∣∣∣∣= Ai jx jQ̃′
x j
(xi,x j)

xi ∑
N
n=1 AinQ̃′

xi
(xi,xn)

. (6)

Obviously,
N
∑

n=1
AinQ̃′

xi
(xi,xn)=ki

〈
Q̃′

xi
(xi,xn)

〉
n∈Ki(1)

, so the

correlation matrix Ri j can be rewritten as

Ri j =−
Ai jx jQ̃′

x j
(xi,x j)

xiki
〈
Q̃′

xi
(xi,xn)

〉
n∈Ki(1)

. (7)

Here, Ki(l) is the group of all nodes at distance l from i,
Q̃′

xi( j)
(xi,x j) = ∂ Q̃/∂xi( j).
The self-dynamics and the interaction between nodes of

the four frequently explored dynamical process are shown in
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Table 1, one can infer the corresponding LCM by Eq. (7).
Since W (xi) and Q(xi,x j) are directly reacted by the initial
steady state of the nodes in the network, we can obtain the re-
lationship between local correlation matrix Ri j and the initial
steady state xi.

The local correlation matrix Ri j captures the influence
of the disturbed node j on all its nearest neighboring nodes.
Actually, it only contains the first-step spreading informa-
tion when perturbation is conducted on the system. In other
words, the influence brought by the disturbance follows the
rate equation spreading from its nearest neighboring nodes to
the whole system. Hence, Ri j records the activity change of the
node after being only affected by the neighboring nodes be-
fore the entire network reaches the new steady state. Through
the interaction between nodes, the influence of disturbance
is continuously transmitted between neighboring nodes, and
the transmission of each step follows the local influence rela-
tionship matrix, so it can be considered as a Markov process.
Briefly, each node is only affected by its neighboring nodes,
and the impact of each step follows the local correlation ma-
trix, which can be regarded as the probability transfer matrix
of the Markov chain. The matrix Ri j = (ri j)N×N is normalized
to obtain

N

∑
j=1

ri j = 1. (8)

We set the normalized matrix as R1
i j, which is the transfer

matrix of the interaction relationship between nodes. Accord-
ing to the regular Markov chain, there is a stationary distribu-
tion that satisfies

(R1
i j)

T
α = α,

N

∑
i=1

αi = 1. (9)

Here, α = [α1,α2, . . . ,αN ]
T describes average change of the

node when its neighbors are disturbed. The node is more likely
to be affected if the value of αi is larger, that is, it is more un-
stable. Then the new stability is defined as Sa,

Sa = [α1,α2, . . . ,αN ]
T. (10)

We can see that the local correlation matrix describes the
interaction relationship between neighboring nodes. Taking it
as the transfer rate matrix of Markov chain, the steady proba-
bility vector Sa could depict the influence caused by perturba-
tion on its neighboring nodes. Therefore, the greater the value
of Sa for the nodes is, the greater the change is at the node
after being affected by the disturbance, and the more unstable
the corresponding node is.

3. Simulation results and theoretical solutions
With the appropriate choice of the nonlinear W (xi) and

Q(xi,x j), Eq. (1) can be mapped exactly into several dynami-
cal models explored in the literature. Equation (1) represents
the dynamical models in Table 1 when xi is given the corre-
sponding actual meaning. In this paper, we study four fre-
quently explored models ranging from biochemical dynamics,
birth–death process, gene regulatory dynamics, to epidemic
process, as shown in Table 1. We capture the relationship be-
tween steady-state activity and node degree to revel the influ-
ence mechanism between the local influence matrix and the
steady-state activity in Fig. 1.

The stability of each node in the network can be obtained
through the local correlation matrix Ri j = (ri j)N×N . Accord-
ing to Eq. (7), we have established a relationship between the
local correlation matrix Ri j = (ri j)N×N and the initial steady
state of the network. However, the acquisition of the local in-
fluence relationship matrix is not convenient, because the ini-
tial steady state needs to be simulated. Therefore, we want to
give the relationship between the local correlation matrix and
the structural indexes, so that when we obtain the structure and
dynamic behavior of the network, the local correlation matrix
and the stability of all nodes can be obtained. We find a clear
correlation between steady-state activity and node degree of
structural index (Fig. 1), which can be well fitted with a power
function.

Obviously, the fitting parameters will change with the
network structure and dynamic behavior, as the steady-state
activity is very sensitive to the changes that occur in the net-
work, whether it is a change in network structure or in dynamic
behavior, which causes the fitting parameters difficult to be

Table 1. Dynamical models and its LCM.

Dynamics Rate equation W (xi) Q(xi) Ri j

ℬ dxi
dt = F −Bxi −

N
∑
j=1

Ai jRxix j F −Bxi −Rxix j
Ai j

⟨xn⟩n∈Ki(1)

(F−Bxi)x j
ki(F+(1−B)xi)

ℬ𝒟 dxi
dt =−Bxb

i +
N
∑
j=1

Ai jRxa
j −Bxi

b Rxa
j

Ai j
⟨xn⟩n∈Ki(1)

x j
bki

ℰ dxi
dt =−Bxi +

N
∑
j=1

Ai jR(1− xi)x j −Bxi R(1− xi)x j
Ai j

⟨xn⟩n∈Ki(1)

(1−xi)x j
ki

ℛ dxi
dt =−Bxi +

N
∑
j=1

Ai jR
xh

j

1+xh
j

−Bxi R
xh

j

1+xh
j

Ai j
⟨xn⟩n∈Ki(1)

hxh
j

ki(1+xh
j )

2

ℬ: the dynamics of protein-protein interactions is captured by mass-action kinetics.[20,21] ℬ𝒟:[22,23] this equation describes the population density at
site i. We set b= 2, a= 1 to describe the pairwise depletion and linear flow. ℛ: the dynamics of gene regulation is captured by the Michaelis–Menten
equation.[24,25] Here, we set h = 1. ℰ : the spread of infectious diseases/ideas is captured by the susceptible-infected-susceptible[26,27] (SIS) model.
In this paper, F , B, and R are all taken as 1.
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Fig. 1. The relationship between the initial steady state xi and the degree ki in the network with four dynamic processes and N = 1000, ⟨k⟩ = 4.
(a1)–(a4) Steady state for ℬ, ℬ𝒟, ℰ and ℛ dynamics on scale-free networks. (b1)–(b4) Steady state for ℬ, ℬ𝒟, ℰ and ℛ dynamics on ER networks.
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Fig. 2. The relationship between the fitting parameter and the average degree in the network with four dynamic processes. We set the SF and
ER network with N = 1000 and ⟨k⟩= 100, then we continually remove the edges in the network to make the average degree ⟨k⟩ decrease. We
establish the relationship between the average degree and the fitting parameters by removing the edges. (a1)–(a4) Fitting results of σ for ℬ,
ℬ𝒟, ℰ and ℛ dynamics. (b1)–(b4) Fitting results of τ for ℬ, ℬ𝒟, ℰ and ℛ dynamics on ER networks.

estimated. Fortunately, we give approximately the relationship
between the fitting parameters and the network average ⟨k⟩ to
make the stability directly related to the basic structural param-
eters (Fig. 2). In ℬ𝒟, ℬ and ℛ, the power function (xi =σ ·ki

τ )
containing two parameters can fit well, while in ℰ , the power
function with three parameters (xi = σ · ki

τ +λ ) can fit well.
That is, when the structural parameters (average degree) and
the dynamic behavior in the network are given, the steady-state
activity is obtained from the relationship between the steady-
state activity and the degree, then the local correlation matrix
and the stability can be calculated.

As can be seen from Fig. 3, the network structure affects
the distribution of network node stability, the stability distri-
bution in SF and ER networks is different mainly driven by
their degree distribution. In ER networks, the stability Sa is
normally distributed, and the distribution P(Sa) of the stability
is independent of the dynamics. Because the local correla-
tion matrix and stability of the network can be resolved, we
compare the simulation results with the results of the analy-
sis (Figs. 3(c1)–3(c4) and 3(d1)–3(d4)). The analysis agrees
well with the simulation results, proving that it is feasible and
reasonable to measure the stability of the nodes by structure.
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and analytical results, the relationship between stability and node degree is given in the case of analysis and simulation for ℬ, ℬ𝒟, ℰ and ℛ
dynamics on SF and ER networks, respectively.

The curves of relationship between the stability and the
degree are different in four dynamic processes, especially the
curve of ℬ is quite different from the other three dynamics.
In SF with ℬ (Fig. 3(c1)), when the degree of node is less
than a certain value, the stability value of the node increases
as the degree of node increases. When the degree of the node is
greater than a certain value, the stability of the node no longer
increases significantly with the increase of the degree, and the
value of the stability would stay steady. In SF with ℬ𝒟, ℛ, ℰ
(Figs. 3(c2)–3(c4)), when the degree of node is small (the de-
gree of node is less than 4), the value of the stability increases
as the degree of node increases. When the degree of node is
large, the stability of the node decreases as the node degree
increases. In ER with ℬ (Fig. 3(d1)), the stability value of the
node increases as the degree of node increases. In contrast,
the value of the node stability increases as the degree of node
increases when the network is governed respectively by ℬ𝒟,
ℛ and ℰ dynamics (Figs. 3(d2)–3(d4)).

4. Case studies and comparisons

To test the effectiveness of our method, we compare our
index with the node stability index in Ref. [19] for the four dy-
namics in Table 1. In ℬ, the stability evaluation of the nodes
given by the two stabilities is similar, whether it is SF network
(Fig. 4(a1)) or ER network (Fig. 4(b1)). However, it is differ-
ent in the other three dynamics. Different network structures
have a great impact on the stability Sa of the network. In SF
with ℬ𝒟, ℛ and ℰ , the stability of the node will decrease first

and then increase with the increase of node’s degree. In the
ER network, stability is positively correlated with node de-
grees. Compared with the linear performance of stability Si

(Fig. 4), the stability Sa is relatively nonlinear and irrelevant
with the degree of node. Relatively, Sa is more suitable for
measuring the stability of all nodes and identifying the most
unstable nodes in the entire network. It should be noted that
our proposed Sa is to measure the change range caused by dis-
turbance, so we take its reciprocal as the stability index. In
addition, compared with Si there is no need to simulate the
stable dynamics of the system for our method, the structure
information and its dynamical models are enough to estimate
the Sa.

To illustrate the power of our method and the proposed
stability index, we compare the evaluation results of Sa and
degree centrality of each node by ranking the indices in de-
scending order for four dynamics on ER and SF networks. To
measure the difference of the sorting sequence, we define the
parameter ratio as the same nodes that the two sequences con-
tain in the previous f percentile. The two sequences are more
similar if the ratio is close to 1, else the value is 0 as the two se-
quences are completely different. The red curves in Fig. 5 are
the results of comparison between the descending sequences
of Sa and degree centrality in different dynamic networks. For
ℬ dynamics (Figs. 5(a1) and 5(b1)), the ratio of the same nodes
is close to 1, so the sequences of Sa is positively correlated
with the degree centrality. Compared ℬ and ℬ𝒟 on the same
network (blue curves in Figs. 5(a1) and 5(b1)), the value of the
ratio increases from 0 to 1. The sequences given by our sta-
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bility index for ℬ and ℬ𝒟 dynamics are obviously different.
Obviously, for ℬ𝒟, ℛ and ℰ , the sequences sorted by Sa and
degree (red curves in Figs. 5(a2)–5(a4) and 5(b2)–5(b4)) are
quite different, the value of Sa is negatively correlated with the
node degree. We can see as well that the dynamic process has
different influence patterns on the measures of node stability

(green and blue curves in Figs. 5(a2), 5(a3), 5(b2), and 5(b3)).
It should be noted that our index is an approximate solution
of the dynamic systems, which means that it is unnecessary
to simulate the dynamic behaviors to calculate the measure.
One can get the dynamical stability index just by the structure
parameters.

S
ta
b
il
it
y

S
ta
b
il
it
y

ki ki ki ki

ki ki ki ki

100

102

104

106

100 101

Si
/Sa

Si
/Sa

Si
/Sa

Si
/Sa

100

105

100 101
100

105

100 101
100

105

100 101
100

105

SF

ER

100 102
100

105

100 102 100 102
100

102

104

106

100 102
100

105

Si
/Sa

Si
/Sa

Si
/Sa

Si
/Sa

B BD R E

(a1) (a2) (a3) (a4)

(b1) (b2) (b3) (b4)

Fig. 4. Comparison of the stability index 1/Sa with Si in SF and ER networks for four dynamics. Sa is the vector α = [α1,α2, . . . ,αN ]
T. The

index Si = 1/∑
N
j=1 Ai jGi j proposed in Ref. [19] reflects the response of node i to individual perturbations of its neighbors. (a1)–(a4) The node

stability for ℬ, ℬ𝒟, ℰ and ℛ dynamics on SF networks. (b1)–(b4) The node stability for ℬ, ℬ𝒟, ℰ and ℛ dynamics on ER networks.
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5. Discussion and conclusion

In various fields, how to identify the unstable individuals

is still one of the limitations to design and optimize a robust

system. Considering the change of the activity of the nodes,

we propose an index Sa to measure the stability of the nodes
based on the local correlation matrix and the Markov process,
and study the stability of all nodes in the network. Based on
the network dynamics rate equation and the local correlation
matrix, we give the relationship between the stability of the
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nodes and the structure. Compared to other stability indices,
our index is an approximate theory solution of the dynamic
systems, which means that it is unnecessary to simulate the dy-
namic behaviors to calculate the measure. One can get the dy-
namical stability index just by the structure parameters, which
enables the index to have much higher computing efficiency.

Exploring a broad range of steady-state dynamical pro-
cesses including biochemical dynamics, epidemic processes,
birth–death processes and regulatory dynamics, we find that:
(i) It is feasible and effective to calculate the relationship pa-
rameters between the initial steady state and the node degree
by the network average degree. (ii) The node stability can
be obtained approximately with the degree and the dynamical
rate parameters via simplifying the spreading process caused
by one disturbance as a Markove chain. (iii) The stability Sa

we proposed is suitable for identifying unstable nodes in the
dynamical network. (iv) For ER networks, the most unstable
nodes for ℬ dynamics are the max degree nodes while the min
degree nodes are most unstable for ℬ𝒟, ℛ and ℰ dynamics.
For SF networks, the most unstable nodes are still the max de-
gree nodes for ℬ dynamics, however the unstable nodes for
other tree dynamics are some intermediate degree nodes.
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