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In recent years, due to the close coupling between airports, airport risk propagation has become a huge challenge. However, it has
not been fully understood on the network level. Airport risk can be transferred through other airports owing to connected
resources. In this study, we consider two risk factors including airport delay and saturation and propose a risk coupling model
based on a clustering algorithm to fit the index and form risk series. To understand the risk propagation mechanism, we build risk
propagation networks based on the Granger Causality test, and we apply complex network theory to analyze the evolution of the
risk propagation network.We study the regular pattern of risk propagation from perspectives of time and space.'rough network
analysis, we find four time stages in the risk propagation process and the participation of airports in risk propagation has a positive
correlation with airport sizes. In addition, more large airports tend to prevent risk propagation in unoccupied and normal
situations, while small airports perform better than large airports in busy situations. Via the conclusion, our work can assist
airlines or air traffic managers in controlling the scale of risk propagation before its key time turning point. By identifying the
critical airport level and related factors in risk propagation, they can also reduce single airport risk and risk participation through
corresponding risk control measures, finally avoiding the large-scale spread of risk and reducing delay or cancellation of
more flights.

1. Introduction

With the rapid development of economic globalization, the
world’s civil aviation industry has grown fast [1].'e scale of
China’s civil aviation transportation industry is expanding
sharply in the meantime. In the past 10 years, China’s total
air transport turnover has increased by 300%. Nevertheless,
the total mileage of China’s domestic air routes has only
increased by 30%, which leads to increasingly intensified
conflicts between limited air transport network resources
and the rapid development of the civil aviation industry.'e
conflicts will cause the appearance of airport risk and ag-
gravate the airport risk propagation. In this paper, the Air
transport network (ATN) refers to the airport network.
According to [2, 3], the airport network takes airports as
vertices and direct flights between airports as edges. Like

above, the Chinese air transport network (CATN) refers to
the Chinese airport network(CAN); in this paper, the edges
of the Chinese airport network means there is a direct flight
between two airports which is constrained by the prescribed
airline, and the two airports will be added to the network
node set, so the daily structure of CAN will change with the
flights in China on that day. And the risk in this paper means
the poor operation of the airport, for example, the airport
operation efficiency is reduced and the turnover is difficult.
'e risk is defined considering two risk factors including
airport delay and congestion in this paper.

In a complex network, the occurrence of node risk will
cause the load of the node to be transferred to other nodes,
which will lead to the paralysis of the entire network [4].
Similarly, ATN involves a large number of flights, complex
airline structures, uncertain disturbances, and other factors.
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Uncertain disturbance factors can be transferred through
ATN among airports, which will cause widespread ripple
effects. In ATN, the primary risk of an airport results from
various disturbances, including inclement weather condi-
tions, flight delays, huge flow, air traffic accidents. Similar to
flight delay [5], airport risk in ATN can also be transferred
and be amplified through other airports and uncertain
disturbance factors because of connected resources.

For example, on July 21, 2012, the rainstorm in Beijing
had a great impact on the safety of a wide range of flights
across the country. 'e traffic capacity of PEK airport
dropped by 50%, causing thousands of flights to be canceled
or delayed. As a result, the risk of PEK propagates to other
airports and contributes to their risks. It further leads to the
decline of the overall operation efficiency, capacity loss,
large-scale flight delay, or cancellation of the aviation net-
work, and finally resulting in huge economic losses or the
decline of airline reputation. 'erefore, airport risk prop-
agation in CATN has become a huge challenge and also
needs attention. Accordingly, if we study the risk propa-
gation regular patterns of CATN, such as the spatial and
temporal characteristics of risk propagation, we can effec-
tively control the scale of risk propagation and reduce the
global network risk caused by a local risk which can finally
reduce losses.

'erefore, in this study, we built a risk propagation
network (RPN) based on the Granger causality (GC) test and
investigated the direction and range of risk propagation at
the network-level. We try to analyze the law of RPN from the
perspectives of time and space. From the time angle, we use
the size of the largest connected component of RPN to
analyze the evolution process of risk propagation scale with
time, try to reveal the time characteristics of its diffusion and
dissipation in a day, and get its key time turning point. 'e
results reveal that there were 4 stages of risk propagation of a
day: dissipation of remaining risks, generation, fluctuation,
and dissipation of intraday risks. We should pay attention to
several key periods to better control risk propagation. From
the spatial angle, we analyze the role of airports of different
categories in risk propagation and identify the key airport
category and related factors in the process of risk diffusion
and absorption. 'e results show that the participation of
airports had a positive correlation with their sizes and
number of flights, and participation of large airports is
higher than middle airports and small airports, so large
airports are more noteworthy in risk propagation control.

Our results provide support to air traffic managers
(ATM) on decision-making. According to the findings, the
air trafficmanagers can develop effective countermeasures to
prevent the risk propagation in particular links before key
time points to alleviate network-wide flight delay or con-
gestion and finally reduce the global risk of ATN. Moreover,
through the causality test, if one variable acts as the cause for
another one, actively intervening on the first would lead to
the changes in the second. 'us, policy makers could po-
tentially adopt the proposed method to analyze the inter-
action of airports in order to identify critical ones. It will help
them tomake decisions on resource allocation for improving
airport capacity. 'ey can better control risk propagation in

the future according to the key periods in a day, high
participation airports, and vital flow range in our analysis.

Beyond this introduction, this work is organized as
follows. Section 2 introduces some relevant previous studies
and the differences between this work and previous work.
Section 3 presents the materials and methods here applied,
including the risk coupling model (Section 3.1), a descrip-
tion of Granger Causality test (Section 3.2), and some to-
pology parameters of network analysis (Section 3.3). Section
4 introduces the construction of RPNs and analysis of the
mechanism of risk propagation in CATN. Finally, Section 5
summarizes our major conclusions.

2. Literature Review

In recent years, researchers around the world have largely
investigated the risk assessment of the civil aviation industry
[6] as well as the propagation of single risk factors such as
flight delay [7–11], congestion [12–14], and aircraft conflicts
[15]. Although there has been rich research on assessment
and propagation of risk in the civil aviation domain, they
mainly focused on the civil aviation macroindustry with less
consideration on the network level.

Complex network theory has achieved mature results in
many fields such as identification and evaluation of influential
nodes [16, 17], network risk assessment [18, 19], and decision-
making based on the safety risk suggestions [20, 21] in recent
years. 'ese studies have important theoretical value for
mining risk propagation mechanisms and safety risk as-
sessment. Specifically, complex network theory is a powerful
tool in the study of transportation systems [22, 23], withmany
network models defined for air transport system [24].

'ere is also some research that analyzes flight delay
propagation on the network level; [25] developed the max-
imum connected subgraph of congested airports for assessing
the level of delays across the entire system. Afterward, via
establishing a delay propagation network based on a causal
model, [26] used two models to simulate flight delay prop-
agation and assessed the effect of disruptions in the US and
European aviation networks. Reference [27] created a mul-
tilayer delay propagation network of 50 busiest airports and
20 airlines in Europe in which each airline acts as a layer for
comparing the differences between 20 single layer networks
and 3 projection networks. Reference [28] created a delay
causality network based on the Granger causality test to
understand the mechanism of flight delay propagation at the
system level. Reference [29] built a delay propagation network
based on the Bayesian Network approach to study the
complex phenomenon of delay propagation within the net-
work consisting of the 100 busiest airports in the United
States. Reference [30] proposed an adaptation of machine
learning’s clustering analysis to air transport delay propa-
gation network. By using Granger tests, they can assign each
airport to the corresponding cluster, which includes mostly
forcing node, intermediaries node, and mostly forced node.
To the best of our knowledge, research on risk propagation
mechanisms at the level of ATN is timely yet challenging and
has not attracted much attention. In addition, the above
previous studies mainly focused on single local risk factors
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such as delay and congestion without full consideration of
overall airport risk. 'ere is also no research on compre-
hensive risk propagation.

Different from previous studies, we investigate the
overall airport risk propagation with consideration of
combining different local risk factors. Besides, applying
complex network theory, we study the mechanism of risk
propagation on the network level instead of civil aviation
macro industry or local areas. In this paper, we propose the
use of complex network theory to understand the mech-
anism of risk propagation in CATNwith empirical analysis.
For this purpose, we firstly propose a risk coupling model
to obtain airport risk time series through multiple local risk
factors. 'en, we apply a risk propagation identification
model based on the well-known Granger Causality (GC)
test [31, 32] due to its primary advance on the relevance
problem [33]. GC is a powerful tool to determine if two
time series are related. Finally, we construct a risk prop-
agation network (RPN) based on GC for each hour of a day,
then use complex network theory to investigate how airport
risks appear, propagate, and dissipate in CATN with
empirical analysis.

3. Materials and Methods

3.1. RiskCouplingModel. Comparing with studies on simple
risk factor ranking, we consider the impact of different risk
factors and form risk coefficients. Instead of a rough as-
sessment that only gives the risk level, we provide specific
numeric results of risk, which is more intuitive and con-
vincing. According to the flight statistics of the Civil Avi-
ation Administration of China (CAAC), the number of air
traffic accidents has increased and the rate of regular flights
has decreased in recent years, which results in the risk of
security and efficiency of CATN operation. 'erefore,
considering temporal and spatial properties, we select two
local risk factors to quantify airport risk. In this paper, the
risk means the poor operation of the airport, for example,
the airport operation efficiency is reduced, and the turnover
is difficult. 'e risk in this paper is obtained by coupling the
delay weight and congestion weight. 'e delay factor reflects
airport efficiency from a temporal perspective and the
congestion factor reflects airport security from a spatial
perspective. 'ese two risk factors can reflect the operation
efficiency change and safety situation of airports and reveal
its comprehensive risk.

In recent years, average departure delay has also
attracted much attention. Research on departure delay
optimization [34, 35] and prediction [36, 37] has achieved
prominent results. For temporal local risk factors, we adopt
average departure delay due to its significant position in air
traffic risk assessment. In addition, the average departure
delay of airports represents the detention of flights and
focuses on measuring the operation efficiency of CATN in
the time dimension. We focus on hourly time series as we
intend to investigate changes in risk propagation of a day
with time series of each hour. For airport i, we construct its
departure delay time series Di by splitting one hour into 12
time intervals. Each time interval contains 5minutes. 'e

value of each time interval represents the average departure
delay. 'e average departure delay for airport i of time
interval t is defined as follows [28]:

di(t) �
yi(t) + ci(t)∗ b

ni(t)
, t ∈ 0, 1, 2 . . . 11{ }, (1)

where yi(t) represents the total departure delay of airport i
during. (t, t + 1). ci(t) and ni(t) represent the number of
cancelled flight and the total number of flights including
canceled flights and scheduled flights during [t, t + 1].
Cancellation of flights should be taken into consideration in
delay assessment [38]. b is the equivalent delay of canceled
flights and generally equals 3 hours.

As for spatial local risk factors, congestion is a repre-
sentative index in ATN and has attracted more and more
attention in recent years [12–14]. 'e airport saturation
describes the load situation of airports and focuses on the
operation safety of ATN in the spatial dimension. As a result,
we utilize airport saturation as a spatial factor to describe the
congestion in CATN. For airport i, we construct its satu-
ration time series Si by splitting one hour into 12 time in-
tervals. Each time interval contains 5minutes. 'e value of
each time interval represents the saturation. 'e saturation
of airport i of time interval t is defined as follows:

si(t) �
Qi(t)

Ci(t)
, t ∈ 0, 1, 2 . . . 11{ }, (2)

where Qi(t) represents the total arrival flights number of
airport i during [t, t + 1]. Ci(t) represents the capacity of
airport i. In our work, airport capacity refers to the number
of arrival aircraft that the airport can handle in an hour.
With this method, we can construct delay and saturation as
hourly time series.

After modeling risk factors, the next work is to couple
them into the overall risk time series. For risk factor cou-
pling, Li [14] utilized a grey clustering model to divide
several local risk factors into 4 levels and weight them with a
linear mapping function to obtain the final risk level.
However, specific risk quantification results were not given.
We propose a risk coupling model based on a clustering
algorithm to obtain the overall risk coefficient. 'e specific
method is defined as follows.

Firstly, we utilize (1) and (2) to obtain delay time series
and saturation time series of each hour of a day. As delay and
saturation have different dimensions; for both of them, we
normalize each value of time series with the hyperbolic
tangent function defined as follows:

di
′(t) �

e
di(t)

− e
−di(t)

e
di(t)

+ e
−di(t)

,

si
′(t) �

e
si(t)

− e
−si(t)

e
si(t)

+ e
−si(t)

,

(3)

where di
′(t) is the normalized value of delay and si

′(t) is the
normalized value of saturation of airport i in time interval t.

Secondly, in order to take advantage of internal relevance
among airports and flights, we apply a K-means clustering
algorithm [39] for delays of all airports in the same time
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interval of an hour of a day and obtain 4 delay intervals. 'e
same as delay, we adopt the same method to saturation and
obtain 4 saturation intervals.

'en, according to the corresponding delay interval and
saturation interval of airport i, we transform delay and
saturation of airport i into delay weight Wd(i, t) and sat-
uration weight Ws(i, t). We refer to the radial basis function
in machine learning to define the delay weight mapping
function and saturation weight mapping function in this
paper, as shown in the following equations:

Wd(i, t) � λ0.5
d,c ∗ e

di
′(t)−λd,c/λd,c + 

c−1

j�1
λ0.5

d,j, (4)

Ws(i, t) � λ0.5
s,c ∗ e

si
′(t)−λs,c/λs,c + 

c−1

j�1
λ0.5

s,j , (5)

Wd(i, t) and Ws(i, t) corresponds, respectively, to the delay
weight and saturation weight of airport i in time interval
[t, t + 1] Wd(i, t). c is the index of delay and saturation
interval. λd,c and λs,c correspond, respectively, to the right
boundary of delay interval c and saturation interval c, on the
left of (4) and (5), the value of c depends on which cluster
interval di

′(t) and si’(t) is in. di
′(t) and si

′(t) represent, re-
spectively, the normalized delay and saturation of airport i in
time interval t. ns is the number of intervals and ns in our
paper and c ∈ 1, 2, 3, 4{ }, which represents the first to fourth
intervals.

Finally, we obtain the overall risk coefficientRi(t) airport
i during [t, t + 1] according to the following equation:

Ri(t) �

�����������������

Wd(i, t)
2

+ Ws(i, t)
2



. (6)

As a result, we apply this model to airport k for each time
interval to obtain risk time series (Ri) in an hour. 'en, we
calculate all risk time series of 24 hours in a day for all
airports with this method. In this way, we have 24 groups of
risk time series. Each group has the same number of risk
time series as the number of airports.

3.2. Risk Propagation Identification Model. For risk propa-
gation identification, we adopt the well-known Granger
Causality (GC) test to test the causality between risk time
series of 2 airports and identify the risk propagation
according to the test result. GC test is proposed by the
economy Nobel Prize winner Clive Granger. It is a statistical
hypothesis test for determining whether one-time series is
useful in forecasting another. For risk propagation, if the
risks observed at one airport can explain the risks appearing
at a second one, there exists a causality relationship, and we
can identify the risk propagation from this airport to the
second airport. Comparing with traditional methods, GC
test is independent of airlines and air routes. GC test can
identify risk propagation relation between any airports,
ignoring their airlines and air routes. As a result, GC test can
discover some undirect risk propagation relationships. In
addition, GC test reveals propagation relationship from the
perspective of causality, which is more profound.

GC test is sensitive to the stationarity of time series. As a
result, we here apply a Z-Score detrend procedure to reduce
the nonstationarity of the time series, which can result in a
biased evaluation of the Granger Causality metric. In detail,
the detrended risk time series for one airport is calculated as
follows:

R′(h, t) �
R(h, t) − R(., t)

σ(R(., t))
. (7)

R′(h, t) represents the detrended risk for hour h at time
interval t. R(h, t) is the original risk. 〈R(., t)〉 and σ(R(., t))

are the average and standard deviation of the risk time series,
respectively. 'en, an augmented Dickey–Fuller test (ADF)
[40] is applied to verify whether the risk time series is
stationary. 'e risk time series difference procedure is ap-
plied until the time series is stationary. 'e time series
difference is presented as follows:

R′(h, t) � R(h, t + 1) − R(h, t), (8)

where R(h, t) and R(h, t + 1) are the risk for hour h at time
interval [t, t + 1], respectively. And R′(h, t) is the risk after
difference procedures.

In our research, causality reveals the impacts between
airport pairs and reflects the interaction of airport risks.
Here, GC will help understand the existence and direction of
the risk propagation between two airports based on the risk
time series. For a pair of airports, an airport j ‘‘Granger-
causes” another airport i if the use of past values of the risk
time series of j helps improving the prediction of risk time
series of i. In mathematical terms, suppose that the risks of
two airports i and j can be expressed as two stationary time
series Yi and Yj. 'en, Yj ‘‘Granger-causes” Yi if the fol-
lowing equation can be satisfied.

σ2 Yi|U
−

( < σ2
Yi|U

−

Yj

 . (9)

σ2(Yi|U
− ) is the square of residual in forecasting the time

series Yi using the past information of the entire universe U,
and σ2(Yi|U

− /Y−
j ) stands for the square of residual when the

information about time series Yj is discarded. 'e specific
process of the GC test is presented as follows.

Firstly, the Granger causality test adopts an unrestricted
regression equation to obtain its residual sum of squares
RSSr in the following equation:

yi(t) � 
P

m�1
am ∗yi(t − m) + 

P

m�1
bm ∗yj(t − m) + e(t).

(10)

yi(t) is the current value of time series Yi, yi(t − m) is the
past value of time series Yj, e(t) is the error term, and am
and bm are the regression coefficients. In addition, P stands
for the lag, indicating that the current value should be
regressed with the past P values. Statistical analysis shows
that the average flying time between all airport pairs in CAN
is around two hours; thus we adopt the lag value P � 2 in this
paper. 'en, the null hypothesis that j does not cause i is
defined as follows:
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b1 � b2 � · · · � bP � 0. (11)

Secondly, we apply a restricted regression equation to
obtain its residual sum of squares RSSur in the following
equation:

yi(t) � 

P

m�1
am ∗yi(t − m) + e(t). (12)

Finally, we apply F-test to the model. F-statistic and p-
value are adopted to test the null hypothesis as follows:

F �
RSSr − RSSur( /P
RSSur/(n − P)

. (13)

where n is the sample size of each time series. When the p-
value is less than the chosen significance level z (5% by
default) of F-test and >Fz, it can be considered to pass F-test.
In addition, we here apply the likelihood-ratio (LR) test [41]
to the null hypothesis owing to insufficient length of risk
time series. As a short length of time series may cause a fake
causality relationship, LR can test the fitness of the model
from the perspective of likelihood to increase accuracy of
causality test. LR test is adopted as follows:

G � 2∗ ln Lur(  − ln Lr( ( , (14)

where Lur is the maximum likelihood value of the uncon-
strained regression model, and Lr is the maximum likeli-
hood value of the constrained model. G is the test result of
LR and approximately obeys the chi-square (χ2) distribution.
When the p-value is less than the chosen significance level z

(5% by default) of the chi-square test and G>Gz, it can be
considered to pass the LR test.

When it passes both of F-test and LR test, the null
hypothesis is rejected. If item Yj belongs to this regression,
Yi is the cause Yj. As a result, the value in j is partly at-
tributed to i and we can consider that the risk of airport j
propagates to airport i. In RPN, there is a directed link from
airport j to airport i. For each pair of the airport which
passed GC test, the link between them has no specific weight,
and all the weight defaults to 1.

3.3. Network Analysis Metrics. Due to a large number of
airports and complex interactions, the features of risk
propagation cannot be understood from the information at
the individual airport level alone. Complex network theory
and its associated metrics and tools present an opposite
approach to study ATN beyond what is offered by classical
techniques [42]. 'us, a network-level analysis is adopted to
capture the characteristics of risk propagation in CATN.
Some topology parameters with practical significance are
introduced here to help analyze network-level risk
propagation.

It is specified that Ai,j � (ai,j)N∗N is the adjacency
matrix of the network, where N is the number of network
nodes. ai,j � 1 if there is a directed edge from node i to node
j; otherwise, ai,j � 0. 'e number of nodes is the number of
individual points in the network, and the number of edges is

the number of links between nodes. In the undirected
network, ai,j � aj,i.

(1) Degree of node corresponds to the number of links
with it. 'e node i has two types of out-degree (kout

i )
and in-degree (kin

i ) links, representing the number of
nodes pointing or pointed by this node. 'e
mathematical form is listed as follows:

k
out
i � 

N

j�1
ai,j, (15)

k
in
i � 

N

j�1
aj,i. (16)

(2) Largest connected component [43] (LCC) is the
largest group in which nodes are connected by
existing edges with each other. It is generally in-
troduced to reflect the scale of the network. In our
research, we can assess the extent and seriousness
of risk propagation through the size of LCC
(NLCC), which denotes the number of nodes in
LCC.

(3) Clustering coefficient (CD) [44] is used to qualify the
inherent cluster tendency of nodes. 'e clustering
coefficient of a node is the fraction of pairs of its
neighbor nodes that have a link (i.e., the number of
triangles in the network). For a network, the overall
clustering coefficient is calculated as follows:

CD �
1
2N



N

i�1

jh ai,j + aj,i  ai,h + ah,i  ah,j + aj,h 

dsingle ∗ dsingle − 1  − 2∗ ddouble
,

(17)

where dsingle � j≠iai,j + j≠iaj,i and ddouble � j≠i
ai,j ∗ aj,i.

(4) Reciprocity (RC) [45, 46] of the network reflects the
bidirectional nature of links between airport pairs.
'e reciprocity means that node i affects airport j,
whereas airport j also affects airport i. It is defined as
follows:

RC �


N
i≠j ai,j − a  aj,i − a 


N
i≠j ai,j − a 

2 , (18)

where a � 
n
i≠j ai,j/N(N − 1) and n is the number of

nodes.
(5) Link density (LD) [47] describes the density of edges

in the network. In the risk propagation network, it
describes the density of risk propagation links be-
tween airports. 'e link density is relative to the
number of nodes. It is defined as follows:

LD �
i,jai,j

N(N − 1)
, (19)

where ai,j is the existing links in the network andN is
the total number of nodes.
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(6) Efficiency (E) [48] of a network represents the ease
for one node to reach other nodes (i.e., how many
nodes have to pass by in order to reach the desti-
nation). 'e efficiency is defined by considering the
inverse of the harmonic mean of the distances be-
tween pairs of nodes as follows:

E �
1

N(N − 1)

i,j≠i

1
di,j

, (20)

where di,j stands for the distance between node i and node j.

4. Results and Discussions

'e flight data analyzed in this paper involves all domestic
flight information in February, March, and May 2019 in
China. 'e data of 3months contained a total of 795973
domestic scheduled flights connecting 223 airports. 'e
average number of daily flights is 8844. As a traditional
Chinese holiday, May 1, 2019, was the busiest day with 9421
domestic flights. In contrast, as the Spring Festival of 2019,
February 5 was the most unoccupied day with 6952 domestic
flights. March 2, 2019, was a normal day with 8886 flights
which is close to the average level. 'e weather is known to
be one of the major factors influencing flight delays. By
querying the air traffic website of the Civil Aviation Ad-
ministration of China (CAAC) that publishes flight delay
information, we can know the weather condition for the
selected three days. OnMay 1, 2019 andMarch 2, 2019, there
was no flight delay and airport capacity decline caused by
weather. On February 5, 2019, only Wuhan Tianhe Inter-
national Airport(WUH) was affected by the low visibility
weather, the capacity of WUH was reduced by 30%, and
other airports in CAN were not affected by the weather.
'erefore, the selected three days in this paper can basically
ignore the flight delay caused by weather factors and more
effectively analyze the risk propagation of CATN under
different dates. Details of the data set are shown in Table 1.

In order to perform a network-level analysis of risk
propagation, we build an RPN using the pairwise GC test
based on the flight data described in Table 1 for each hour of
a day. For process and temporal characteristics of risk
propagation, we focus on the hourly time series on March 2,
2019, due to its normal level of flight flow. For spatial
characteristics, we focus on the features of airports of dif-
ferent sizes and their behaviors in risk propagation. We
adopt the hourly time series on February 5, 2019, March 2,
2019, and May 1, 2019, to compare the features of different
airports in different situations.

4.1. Process of RiskPropagation. 'e propagation process is a
significant item to consider as it intuitively reveals how risk
propagates in CATN. Among all parameters of a complex
network, the size of LCC (NLCC) can reflect the extent of risk
propagation. We adopt NLCC as it can directly help un-
derstand the generation, fluctuation, and dissipation of risk
propagation during the propagation process. In order to

reveal the general situation of the risk propagation process,
we focus on the flight data on March 2, 2019, and construct
an RPN for each hour of 24 hours. 'ere are a total of 223
airports. For one RPN of each hour, 49729 (223∗223) times
GC tests are performed. After removing airports with no
connections, we generate 6 snapshots of RPN of different
hours on March 2, 2019, in Figure 1 to present an obvious
and visualized process of risk propagation.

During the process of risk propagation in a day, risk
propagation exhibits cyclical fluctuations due to daily
schedules. We investigate the appearance, fluctuation, and
dissipation of risks in the process of risk transmission by
observing the changes of NLCC. 'ere are 4 stages in the
process of propagation shown in Figure 2 of a day: dissipation
of remaining risks, generation, fluctuation, and dissipation of
intraday risks. In the stage of dissipation of the remaining
risks of yesterday, the impact of risks of yesterday has not
disappeared. 'e extent of risk propagation decreases until 5 :
00 with fewer scheduled flights. In the generation stage, the
extent of risk propagation increases rapidly owing to the sharp
growth of scheduled flights. Most busy airports generate
initial delays due to the “Morning Rush” phenomenon. In the
fluctuation stage, through the connection of resources, risk
propagation of airports becomes serious with the increasing
scheduled flights. In addition, the scale of risk propagation
fluctuates at a high level. In the stage of dissipation of intraday
risks, the extent of risk propagation decreases smoothly. Risk
propagation will disappear the next day. 'e Air transport
network will recover from the risk propagation due to the
removal of flights from the system. 'erefore, we need to pay
attention to several periods as 5 : 00–6:00, 9 : 00–10 : 00 and
20 : 00–21 : 00, which are the key periods of risk propagation
in a day. By improving the risks in these periods, we can better
control risk propagation in a day.

In addition, we compared the evolutionary relationship
between NLCC and delay, flow, and risk, respectively, as in
Figure 3. Delay corresponds to the hourly average departure
delay onMarch 2, 2019, and flow stands for the total number
of scheduled flights for each hour on March 2. Risk rep-
resents the hourly average risk coefficient of airports which
we obtained in Section 2.1. As Figure 3(b) shows, NLCC has
a strong correlation with the flow. 'ey have a similar
evolutionary trend. However, as Figure 3(a) shows, there are
some deviations between NLCC and delay due to inertia of
delay. Flow can decrease in time with the decreasing
scheduled flights. However, delay can accumulate gradually
with the increasing flights and last for a long period, which is
the “Cumulative Effect” of delay. Although the number of
flights decreases, it still needs time to recover and decrease,
which is the reason that delay continues tomaintain at a high

Table 1: Available information for each flight.

Information for each flight
Airline Flight code
Scheduled departure time Actual departure time
Scheduled arrival time Actual arrival time
Flight departure airport Flight state
Flight arrival airport Flight date
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level at the end of the day. Risk is influenced by delay and
flow and it is the result of them. As a result, risk combines
their characteristics and has a similar evolutionary trend
with NLCC, as Figure 3(c) shows. Results also reveal the
close relationship between risk factors and NLCC.

4.2. Temporal Features. In addition to the process of risk
propagation, we will investigate the evolution process of
RPN to understand the temporal properties of risk

propagation. We adopt clustering coefficient, reciprocity,
link density and efficiency of the network to analyze the
evolution characteristics of RPN.

As results are shown as Figure 4, network clustering,
reciprocity and link density have a similar evolutionary trend
as NLCC, which means that they have a strong correlation
with each other. High link density indicates a large number of
edges in RPN, which causes a high level of network clustering
and efficiency. Particularly, they are all temporarily at a lower
level in a short moment from 13 : 00 to 14 : 00 due to fewer
flights after morning rush hours. Nevertheless, reciprocity is
special, as Figure 4(b) shows. 'e low reciprocity in the
generation and fluctuation stage reveals that the single-di-
rection propagation plays a significant role. In contrast,
reciprocity sharply increases at 2 : 00 owing to the little
number of flights and the significant role of double-direction
links. Since other network metrics are more sensitive to
changes in the number of network nodes and edges, they have
similar evolution processes. However, reciprocity is inde-
pendent of the number of network nodes and edges and
reveals the bidirectionality of the network. 'is is the reason
why reciprocity is different from other metrics.

4.3. Spatial Features. 'e global features of risk propagation
are analyzed by the RPNs’ properties, while risk propagation
cannot be fully understood without analyzing the spatial

(a) (b) (c)

(d) (e) (f )

Figure 1: Snapshots of RPN on March 2, 2019. (a) 03 : 00. (b) 07 : 00. (c) 11 : 00. (d) 15 : 00. (e) 19 : 00. (f ) 23 : 00.
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Figure 2: Stages of risk propagation process.
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features. We investigate the spatial features from the point of
view of behaviors of airports with different sizes in risk
propagation. We divide airports into three categories
according to their average departure and arrival flow within
a day in Table 2.

'e “Amount” in Table 2 means airport amount and the
“Flow” means the number of flights. To understand the
behaviors of airports in risk propagation, we will analyze the
airports’ participation in different categories and the impact
of airports on risk propagation. We have three different
categories of airports in this paper including “Large air-
ports,” “Middle airports,” and “Small airports”. 'e col-
lective participation Pc(t) of category c of airports is defined
as the percentage of the number of airports involved in risk
propagation belonging to category c to the number of total
airports in category c. It is shown as follows:

Pc(t) �
nc(t)

Nc

, (21)

where nc(t) is the number of airports involved in risk
propagation belonging to category c during [t, t + 1], and Nc

is the total number of airports in category c.

We focus on the flight data on February 5, 2019, March 2,
2019, and May 1, 2019, to compare the participation of
different categories in different situations. As Figure 5 shows,
participation is related to the category of airports. Partici-
pation of large airports is the highest in all of the situations,
which indicates that most large airports are involved in risk
propagation regardless of situations. Although small airports
represent the majority of the system, they are rarely involved
in the spread of risks. In addition, the hourly average
participation P(t) of different airports increases with in-
creasing flights, as Table 3 shows.

In addition, we will also analyze the impact of airports on
risk propagation. To explore how airports affect risk
propagation, we define the absorption coefficient ri to assess
the absorption ability of airport i for risk propagation in

ri �
k
in
i + 1

k
out
i + 1

, (22)

where kout
i (kin

i ) is the hourly average out-degree (in-degree)
of airport i in risk propagation network over an entire day.
kin

i is the number of airports, each of which partly results in
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Figure 3: (a) Evolutionary relationship between (N)LCC and delay. (b) Evolutionary relationship between (N)LCC and flow. (c) Evo-
lutionary relationship between (N)LCC and risk.
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risk in airport i, while kout
i is the number of airports whose

risk is partly caused by airport i. For airport i, ri> 1 means
that outward links of airport i are fewer than its inward links,
indicating that airports whose risks affect airport i are more
than those whose risks are partly transferred by airport i,
while ri< 1 is the opposite. 'erefore, we consider that
airports with ri> 1 have absorption ability for risk propa-
gation and can mitigate the propagation, while those with
ri< 1 have a diffusion effect and aggravate the propagation.
To understand the impact of each category of airports, we
focus on the situations mentioned above. To analyze the
effect of each kind of airports in risk propagation, we cal-
culate the percentage of absorption airports (ri> 1) a to the

number of airports that participated in risk propagation in
the same category as follows:

a �
n ri > 1( 

np

, (23)

where n(ri > 1) represents the number of absorption air-
ports, np is the total number of airports participating in risk
propagation in the same category. High percentage of ab-
sorption means a significant role of airports in the ab-
sorption of risk propagation.

'e final results are shown as Table 4. For February 5,
2019, and March 2, 2019, the majority of small airports
exhibit the poor ability and low percentage of absorption of
risk propagation due to their lack of resources and high
vulnerability. As a result, more small airports tend to
propagate risks under the influence of random factors. In
contrast, large airports play a significant role in propagation
absorption with a high percentage of absorption, indicating
that the majority of large airports are affected by many
upstream airports, but they impact fewer downstream
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Figure 4: (a) Evolution of average clustering (16). (b) Evolution of network reciprocity (17). (c) Evolution of link density (18). (d) Evolution
of network efficiency (19).

Table 2: Airport information.

Airport size Amount Flow (x)
Large 35 x≥ 150
Medium 78 10≤ x< 150
Small 110 x< 10
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airports. In our expectation, the large airports are located in
developed cities and bear the pressure of heavy traffic, as well
as its large volume of flights with downstream airports, it
should have a great impact on the downstream airports, but
the findings are contrary to expectations. It may be because
they also have sufficient resources and high robustness to
partly resist the impact of delays and flow in the meantime.
'erefore, they perform best in unoccupied and normal
situations. 'e percentage of medium airports is at a

medium level. Nevertheless, the situation was just the op-
posite on May 1, 2019. Small airports performed best, while
edthe majority of large and medium airports tended to
propagate risks. Due to a large number of flights and heavy
air traffic pressure on May 1, 2019, large and medium air-
ports bear most of the traffic pressure. Since large airports
can partly resist the impact of delays and flow, why did they
perform worse than small airports? 'is is mainly due to the
overload of parts of large and medium airports. When a load
of some airports is high enough to cause overload, the load
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Figure 5: (a) Participation of airports on February 5, 2019. (b) Participation of airports on March 2, 2019. (c) Participation of airports on
May 1, 2019.

Table 3: Average participation of airports (P(t)) in risk
propagation.

Airport size February 5, 2019 March 2, 2019 May 1, 2019
Large 0.656 0.662 0.705
Medium 0.368 0.420 0.433
Small 0.049 0.073 0.077
Flow 6452 8886 9421

Table 4: Percentage of absorption airports (a) for risk propagation.

Airport size February 5, 2019 March 2, 2019 May 1, 2019
Large 0.571 0.629 0.429
Medium 0.506 0.474 0.423
Small 0.456 0.459 0.500
Flow 6452 8886 9421
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will be transferred to other airports according to the links in
spite of their high robustness. As a result, small airports
receive more risks transferred from large airports due to
their overload, which is the reason why small airports
performed best on May 1, 2019. It is worth noting that there
is a critical flow between 8886 and 9421 where the situation
will become opposite for large and small airports. To better
control risk propagation, we need to pay attention to the
flow between 8886 and 9421 and investigate the critical flow,
which is meaningful for CATN risk control and safety
improvement.

5. Conclusions

In this paper, we investigated the mechanism of risk
propagation among airports in the Chinese air transport
network (CATN) from a new perspective, i.e., constructing a
risk propagation network (RPN) based on Granger Causality
(GC) for each hour of a day and applying network analysis
tools to reveal the macroscopic appearance of risk propa-
gation. To realize this model, we firstly built a risk coupling
model to obtain the risk time series of airports from delay
and flow. 'en, we built hourly RPNs based on risk time
series and GC test.

We firstly investigated the process of risk propagation in
a normal situation and analyzed the properties of the
propagation process. 'ere were 4 stages of risk propagation
of a day: dissipation of remaining risks, generation, fluc-
tuation, and dissipation of intraday risks. We should pay
attention to several key periods as 5 : 00–6:00, 9 : 00–10 : 00
and 20 : 00–21 : 00 to better control risk propagation. 'en,
for temporal properties, the evolution of reciprocity is rel-
atively special due to its independence of the number of
network nodes and edges. Finally, we investigated the spatial
properties of risk propagation. We found that the partici-
pation of airports had a positive correlation with their sizes
and the number of flights. Generally, participation in large
airports is more than 60%, while participation in small
airports is less than 10%. 'e difference is significant. As a
result, large airports are more noteworthy in risk propa-
gation control. For absorption ability, i.e., the ability to
prevent risk propagation, we calculated the percentage of
absorption airports and found that the largest airports
performed best on February 5, 2019, and March 2, 2019,
because of their sufficient resources and high robustness to
normal situations, while the opposite on May 1, 2019, due to
the overload of some large airports causing more risk
transferred to small airports. 'erefore, it is necessary to
focus on the situations where flow is between 8886 and 9421
to prevent the overload of large airports.

'e results of the analysis provide a theoretical basis for
the optimization and management of air transport network
safety and efficiency. In addition, the results provide some
useful suggestions for reducing air transport network risks
and enhancing network load capacity in order to establish an
advanced intelligent air traffic system. We can better control
risk propagation in the future according to the key periods in
a day, high participation airports, and vital flow range in our
analysis. Nonetheless, the study of using RPN to study

airport risk propagation could be extended further. For
example, we found the phenomenon of overload of airports.
It is interesting to compare more situations to obtain the
critical value of flow to cause an overload of large airports.
According to critical flow, we can better control the risk
propagation and optimize the overall risks of airports. In
addition, it is also meaningful to study the relationship
between the number of daily flights and the absorption
percentage of airports in detail.
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