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The continuous spread of coronavirus disease 2019 (COVID-19) has had a substantial impact on China’s domestic
airline networks. It is important for airlines to identify key airports and airport roles in future network design. In
this paper, a k-core algorithm is used to decompose the network layers during different periods of COVID-19 to
investigate the network structure and the airport role change. By considering both airport degree and route
traffic, network characteristics are analyzed, and the key airports are determined based on network evaluation.

The results show that the airline network is robust due to its mixed hub-and-spoke network structure, which is
basically dominated by direct flights between airports. However, different operation patterns should be imple-
mented based on airport roles. It is not advisable for airlines to pursue network connectivity at the cost of a low

passenger load factor.

1. Introduction

The spread of the coronavirus 2019 (COVID-19) has negatively
impacted China’s aviation industry since January 2020. Compared to
2019, the air passenger demand decreased by 36.7% in late 2020, even
though air transportation began to recover gradually. It has been proven
that the COVID-19 pandemic has long-term effects on passenger travel
and network structure characteristics; therefore, the recovery of pas-
senger demand is a slow process (Van Wee and Witlox, 2021).

During the pandemic period, some domestic airports have to reduce
flights and routes due to the lack of demand, and some of them have
even closed to avoid greater losses. Therefore, when more airports in the
airline network cannot be reached, the connectivity of the network is
reduced, and the network structure is affected. In the post-pandemic
period, passenger demand began to increase gradually, and airport
pairs were reconnected. However, the recovery situation of each airport
and route varies in terms of route connectivity and flight frequency. This
is because the recovery of passenger demand for each airline is less likely
to be directly related to factors, such as airline size, airline type, and
market but more likely to be related to airline network configuration,
airline pattern, and airport role change. This may lead to different re-
covery patterns and efficiency among airlines. Many papers related to
the pandemic’s impact on airline networks have been published;
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however, they are still limited in terms of the way airline networks
evolved step-by-step during the pandemic period and how to find key
airports when airport roles changed. This information is important and
will inspire airlines when redesigning their network in the future.
Therefore, this paper focuses on the following issues:

1) The impact of the outbreak and the spread of the COVID-19
pandemic on the air network layers (including the impact of
airport closures and reduced route traffic);

2) Changes in airline network characteristics due to COVID-19
(including the role of each airport, network efficiency, and airport
importance); and

3) Different recovery patterns should be implemented according to
network characteristics and airport role change to facilitate traffic
demand and network connection recovery in various airports.

Aiming at this, the network in this paper is abstracted as an undi-
rected weighted network where the network node refers to an airport
and the route flight frequency is the weight of the network edge. To
identify the airport role change, a k-core decomposition algorithm is
used to decompose the airline network and cluster the airports into
different layers. Complex network indices, such as node connectivity,
clustering, and network efficiency are also used to evaluate the network
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characteristics so that the key core airports and connecting airports can
be determined. Accordingly, different recovery patterns for airports
based on network connectivity and airport role change are suggested to
accelerate passenger demand.

The remainder of this paper is organized as follows: Section 2 is a
literature review. Section 3 introduces the methodology of k-core
decomposition and network evaluation measures. Section 4 presents the
data analysis and shows how the examination period is divided. Section
5 describes the evolution process of a network, which includes the
change in network layers and network characteristics, and suggestions
for airline flight scheduling are proposed. Section 6 provides an over-
view of the major findings and future research directions.

2. Literature review
2.1. Network decomposition

It has been proven that the pandemic may have different impacts on
various kinds of network configurations (Yao et al., 2021; Scarpone
et al., 2020); therefore, network characteristics and structures should be
considered. Methods, such as community detection (Sun et al., 2016; Wu
et al., 2019), k-core decomposition (Verma et al., 2014; Dai et al., 2018;
Du et al., 2016), and complex network theory (Guimera et al., 2005;
Reggiani et al., 2010) are widely used to identify the role of each node in
a network. K-core decomposition is effective in decomposing a multi-
layer structure of a complex network, such as an air transport network
and in uncovering the relationship between node pairs in the same or
different layers. Verma et al. (2014) decomposed the world airline
network into three layers (core, bridge, and periphery) to examine the
connectivity of airports in the world air transport network. Dai et al.
(2018) utilized k-core decomposition to investigate the evolving struc-
ture of the Southeast Asian Air Transport Network from 1979 to 2012, as
well as airport connections and passenger flows in different network
layers. Du et al. (2016) divided the Chinese Airline Network into a
multilayer structure using the k-core method and showed similarities
between the Chinese airline network and the world airline network. In
contrast from a centrality analysis (Gao et al., 2017) and community
detection (Sun et al., 2016; Wu et al., 2019), k-core decomposition is
able to identify and rank the important nodes while dividing the
network. Therefore, we adopt the classification of Verma et al. (2014) to
categorize airports into different distinct layers using k-core decompo-
sition. This was done to determine whether the role of nodes in different
layers would change after an outbreak. These changes can include the
emergence of new nodes that become a connection or a bridge node or
nodes that become obsolete.

2.2. Network characteristic analysis

In addition, the evaluation of node/edge importance is also impor-
tant in examining the survivability and robustness of a network, and the
vulnerability of a hub interconnection should be comprehensively
examined (Zhou et al., 2021a). There are many other methods that focus
on network structure analysis and network characteristic index, such as
degree correlation (Wu et al., 2019; Sun et al., 2017), path length
(Opsahla et al., 2020), clustering coefficient (Bona et al., 2021; Li et al.,
2019), and network efficiency (Liu et al., 2016; Zhou et al., 2021b). Liu
et al. (2016) proposed an effective ranking method based on the degree
value and the importance of lines, which can identify the importance of
bridge nodes. Wu et al. (2019) compared the dominant airports of
American Airlines and Southwest Airline networks. Both route distance
and passenger volumes are considered to distinguish their different
network structures. Sun et al. (2017) determined the robustness of the
worldwide air transportation network using different ‘attacking’ stra-
tegies. They found that degree and Bonacich-based attacks (i.e., the sum
of all the links of a node and the impact of a node’s neighbors) were the
most harmful to the passenger weighted network. Li et al. (2021) studied
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the spatiotemporal evolution of the worldwide air transportation
network. Connectivity-based metrics for the network analysis were
considered, and it was concluded that the fluctuation of weighted con-
nectivity (concerning airport degree, flight frequency, etc.) is more
important than that of the unweighted one.

As traffic demand and connected routes of hub airports prove to have
more positive and larger spillover effects on network structure and all
other neighboring cities (Chen et al., 2021), route traffic and route
connection are considered to be key indices that can affect network
characteristics in this study. The node degree reflects the node connec-
tivity, which represents the current connection state, i.e., connected or
broken, and the edge weight can better reflect a future trend. For
example, when route traffic decreases to a certain level, even if the
current route is connected, at some point the airline will cancel the route
due to factors, such as cost and low passenger load factor' (PLF). Then,
the airports at both ends of the route would no longer be directly con-
nected, thus affecting network efficiency and node properties. In this
paper, since we also simulate the network performance by removing
specific airports in the future network recovery process, denoting route
traffic as the edge weight can reflect the network structure evolution
trend driven by passenger demand (Baspinar and Koyuncu, 2016; Zhou
et al., 2019).

3. Methodology
3.1. K-core decomposition

We explore the multilayer structure and the key connection airports
of an airline network by drawing on the k-core decomposition method.
During network evolution, it can be attacked by cancelled flights or
closed airports (i.e., normal operations are no longer possible). Typi-
cally, if a connection between airports fails, then passengers are rerouted
through another airport to their destination. This procedure is called a
triangle (Verma et al., 2014). Any vertex of the triangle is a connection
node of the other two vertices; thus, the node in a triangle is called the
bridge node.

Inspired by the k-core method (Dorogovtsev et al., 2006) and ac-
cording to the classification of Guimera et al. (2007), the core layer of a
network is considered to be a set of remaining nodes that make up the
most triangles after iteratively removing all isolated nodes. This in-
dicates that even when a connection within this area is removed, there
are still numerous alternative connections between the origin and
destination. Nodes in the core layer of the air transportation network
have higher degrees, and most of them are hub airports in the network.
Therefore, removal of these airports may lead to a minor degradation in
connectivity (the average path length increases and the network effi-
ciency decreases), but the network remains connected (Gallos et al.,
2005; Dorogovtsev et al., 2006). This paper focuses on the role of these
nodes and their impact on other nodes, especially when some nodes in
the network are under attack. Therefore, we mainly focus on the core
and bridge nodes in the network.

3.2. Network evaluation measures

A set of fundamental network metrics to evaluate network structures,
such as a degree-degree correlation, a clustering coefficient, and an
average path length, were selected from Dai et al. (2018). Each of these
measures is specified as follows in Equations (1)—(3).

Eq. (1) formulates the degree-degree correlation, which refers to the
correlation between the k degree node and the average degree of their
neighbors, where k; represents the degree of node i, K(i) is the average
degree of the neighbors of node i, and N(k) represents all nodes with

! Passenger load factor is defined as the actual number of passengers on an
aircraft divided by the total number of seats provided by the aircraft.
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degree k.

DC(k) = K(i) €h)
ki=k

Eq. (2) is the clustering coefficient, which measures the probability
that two nodes are connected to each other when they both connect to
node i. E; indicates the number of connections that exist between the
neighbors of i.

2E;

= -1

(2)

Eq. (3) measures the average distance between any node pairs in the
network, where N represents the number of all nodes and dj is the dis-
tance for the shortest path between node pair i — j. Note that the distance
in a complex network is measured by the number of edges between a
node pair.

1 al .
L:m l; d; (i#)) 3

In contrast to the above network measures that are mostly based on
node degree, Verma et al. (2014) multiplied clustering coefficients and
each route weight to define the degree of connectivity. Based on Verma
et al. (2014), we modify the method proposed by Liu et al. (2016) to
evaluate the importance of node and edge connectivity.

The ranking method used in Liu et al. (2016) is based on the idea of
network damage caused by deleting a node. Node reduction is caused by
the closure of the airport in the lockdown city (the removal of a node in
the network) and the reduction of route traffic due to public awareness
of the pandemic (e.g., cancelled travel plans), which leads to changes in
airline flight frequency (the fluctuant weight of the edge). The former is
represented by the node degree, and the latter relates to the edge weight.

As modified from Liu et al. (2016), the importance of an edge be-

tween nodes i and j is defined as follows:
Iy =2, “)
where U = (k; —p —1)*(k; —p —1) reflects the connectivity ability of edge
e;j and p is the number of triangles with one of its edges e;j. 1 = p/2 + 1 is
an alternative index of edge e;, and wj is the edge weight.

The importance of node i is defined as follows:

li= (ki + ZW,;) *S; %)

JeTi

where T is the set of neighbors of i and Wj; = I, *k"iﬁ stands for the

contribution that i makes to the importance of e;. S; = > wj; is the node
Jjeri
strength of node i.
We also adopt the network efficiency formula defined in Liu et al.
(2016) as follows:

1
n= NN-T) ;’74/ (6)

where ; = 1/dy is the efficiency between nodes i and j.
The reduction rate of the network efficiency is also defined to
determine the importance of the removed node as follows:

n
N @)
a /N

where 7 is the efficiency of the destroyed network and 7, is the efficiency
of the initial network. The value of y represents the connectivity of the
entire network: the higher the value of y, the more difficult it would be
to access the airport due to node removals and the more important the
deleted node becomes.
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4. Data and examination period division

Daily data of all domestic flights in 2019 and 2020 of all Chinese
airlines were collected for period division and passenger data of China
Southern Airlines is collected for network decomposition (data obtained
from the Official Airline Guide, http://analytics.oag.com/analyser-cl
ient/home). The data include date, airline name, flight numbers, do-
mestic route, flight scheduling, and flight frequency. An overview of all
domestic flight frequencies in 2019 and 2020 is compared, and the curve
is shown by month in Fig. 1.

Affected by the COVID-19 pandemic, domestic traffic demand and
flight frequency dropped sharply in February, which decreased by 85%
and 72%, respectively, compared with those in 2019. This period is
considered to be the peak of the impact and infection of the spread of
COVID-19. With the resumption of work, people gradually returned to
normal life, and domestic air travel began to recover slowly from March.
Several key periods are of interest. First, January 1, 2020 was chosen as
the starting point. The first important period began with the blockade of
the city of Wuhan (from January 23, 2020), as well as the closure of all
airports and the cancellation of all flights within the Hubei Province. It
can be seen as the peak infection and the spreading period of pandemic
propagation. The next important date is February 12, 2020, when the
number of newly added patients in China began to drop from the peak,
which indicated that the spread of COVID-19 was under control within
China and led to a gradual recovery of the passenger travel plan.

Based on the propagation of the COVID-19 pandemic and the sub-
stantial demarcation point of air demand and flight frequency in
February, the impact of the COVID-19 propagation process on civil air
transportation can be divided into two main periods: the ‘pandemic
impact period’ and the ‘recovery period.” Table 1 shows the specific
network and its corresponding period, as well as a ‘normal’ comparison
period calculated based on the data from 2019. Total Flight frequency is
calculated based on the actual flight transportation of the entire dura-
tion in each examined period, and the corresponding network in each
period is represented as NO, N1, and N2.

In addition, according to the air transportation data of 2019, the 10
million-sized” airports (39 airports) and non-10 million-sized airports
(198 airports) are classified to compare the changes in capacity (i.e.,
total flight frequency), passenger demand (i.e., total traffic volume) and
network connectivity (i.e., total degree of airport) between the two
airport categories. The relationship between passenger demand, ca-
pacity and network connectivity of different types of airports is also
analyzed. Changes in indices can be seen clearly from Fig. 2 below,
where fj, and f,,;, refer to the total flight frequency (million) in 10 million-
sized airports and non-10 million-sized airports, respectively; p, and pn,
refer to the total traffic volume (billion) in 10 million-sized airports and
non 10 million-sized airports (billion), respectively; and ¢, and c,, refer
to the total airport degree (ten thousand) in 10 million-sized airports and
non-10 million-sized airports, respectively.

The relationship between supply and demand in different types of
airports can be found. In the period of recovery (N2), the index of pas-
senger demand, flight frequency and airport network connectivity in
different airports all increase; however, the growth rate varies by
different types of airports. From Fig. 2, the increment of traffic volume in
10 million-sized airports is the highest, reaching 418.2%, nearly twice
that of non 10 million-sized airports, but there is still a big gap compared
with that in NO period. This also confirmed that the impact of the
pandemic has dispersed the passenger demand that often concentrated
in the hub airport to the whole network. However, the increase in flight
frequency and airport degree is not as fast as that of non-10 million-sized
airports. The flight frequency in large airports shows a relatively slow

2 10 million-sized airport is the airport with more than 10 million passenger
volume a year, classified by Civil Aviation Administration of China (CAAC, htt
p://www.caac.gov.cn).
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Fig. 1. Domestic traffic demand and flight frequency in 2020.

Table 1
COVID-19 pandemic periods in China.
Network Period name  Time period Airport Total Flight
code numbers frequency (ten
thousand)
NO Normal Jan 01, 237 533
period 2019-Dec 31,
2019
N1 Pandemic Jan 01, 228 58
period 2020-Feb 28,
2020
N2 Recovery Mar 01, 238 298
period 2020-31 Dec
2020

recovery that is mainly because of the regional repeated pandemic,
larger number of COVID-19 cases, incomplete recovery of network
connectivity and flow control.

Although the frequency of flights and the airport degree in non-10
million-sized airports respectively increased more than 8 times and 5
times, while passenger demand increased only 4 times. In other words,
the low PLF caused by excess capacity is a common phenomenon
throughout the year and is more likely to occur in small and medium
airports, especially in the middle and late stages of N2 when the
repeated pandemic occurred in some regions; the airlines did not adjust
their flight capacity in time, which led to seat redundancy also having
adverse effects on airlines.

It can be concluded that in the N2 period, the network over-
emphasized the recovery of the original route connection, resulting in
insufficient demand for small and medium-sized airports, and the ca-
pacity of 10 million-sized airports can still be continuously increased. As
a result, it would be necessary to optimize the flight scheduling and the
network according to the route passenger demand to avoid seat redun-
dancy, which may lead to cost increases, as well as satisfy passenger
demand.
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Fig. 2. Capacity, passenger demand and network connectivity comparison.
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5. Results
5.1. Airline network decomposition

From the perspective of node influence, nodes with the same k-core
value also have similar characteristics (Wagner et al., 2007). The hier-
archical distribution of nodes based on the k-core value means that the
nodes are distributed from the inner layer to the outer layer in
descending order of the k-core value. The larger the k-core value of the
nodes, the more likely they will be clustered and affected by each other.
That is, the distribution of a network will be more centralized where
there are higher k-core value layers.

In general, airports in the core layer play an important role in transit,
while airports in the periphery layer are mainly decentralized and less
responsible. The bridge layer route is responsible for part of the transfer
function and serves the function of collecting and distributing to connect
the trunk route and the branch route. According to the k-core algorithm,
in the three stages of network change, airports in the core layer and in
the bridge layer, as well as their connectivity and node importance, are
normalized. Table 2 shows airports in the core layer during network
configuration changes. The connection of each airport reflects its con-
nectivity, and I; refers to its importance in the whole network in each
period. Table 3 shows airports in the bridge layer during network
configuration changes.

The core layer of the network consists of three international hubs
(PEK, PVG and CAN) and some regional hubs, and the bridge layer
consists of regional airports. In addition to the five hub airports (i.e.,
three international hubs, SZX and CTU) that have been consistently in
the core layer, other core airports all have the entrance or exit experi-
ence. During the pandemic period (N1), some regional airports
cancelled passenger flights because passenger travel demand decreased
dramatically as a result of local areas going into lockdown. The main
role of regional hub airports is to gather traffic flow in their respective
regions for trans-provincial transfer. When passengers arrive at the
destination province, they usually change to ground transportation.
Compared with NO, the number of airports in the core layer was reduced
to 5, but the internal connection between these airports increased with a
5% increase in internal flight frequency. The average node importance
increased to 0.74, reaching its highest value in the three periods. The
core layer is particularly important for the connectivity of the whole
network transportation in this time. During the recovery period (N2),
the number of routes and passenger demand in the network increase
substantially compared with those in the N1 period. Some airports
returned to the core layer, increasing the number of airports to 9.
However, the increase in the network routes makes the passenger
transportation more dispersed, and the importance of the airport nodes
in the core layer has declined, but it is still higher than that in the NO
period. In addition, according to the ranking of I;, the importance of the
airports has also changed in different periods. Before the outbreak (NO),
PEK, PVG and CAN had absolute advantages, while after the pandemic
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occurred, it was difficult for PEK and PVG to recover; however, CAN,
CGQ, SZX and other airports located in regions that were affected little
by the pandemic recovered rapidly and increased their importance to
the network.

The change in passenger demand and route number also has a great
influence on the bridge layer. In the N1 period, due to the stagnation of
inner air transportation in many regions, the main function of the bridge
layer was to transport passengers to the core layer. The number of bridge
airports was increased to 15, airports exiting from the core layer were all
subsumed into the bridge layer, and two airports from the bridge layer
degenerated to the periphery layer (TSN and HRB). At this time, the
average number of routes in the connection layer is 90, among which
5.6% of the routes are connected with the core airport, and the flight
frequency accounts for 20.7% of the total network frequency. In the N2
period, the main routes were connected more closely with larger traffic
flows, and the branch routes in the bridge layer were connected with the
core layer. A few airports entered the core layer, which made the bridge
airports decline to 11, with 5 airports moving out and one airport (WUH)
moving in. The average routes recovered to 96, with one route more
than that in NO, but the importance of the nodes reached the lowest
value of 0.24 in N2, which indicated that the demand had not
completely recovered in some large and regional airports.

Changes in the airline network configuration from NO to N2 are
shown in Fig. 3.

The airports with role changes from the NO period to the N2 period
are summarized in Table 4. Most airports remained in their initial layer
as the network changed. However, the role of some airports changed due
to traffic demand and airport domination in their region. Note that WUH
was removed from the network in N1.

Overall, the number of airports in the core layer and the bridge layer
did not change considerably, which stabilized the network connectivity
in the core layer. However, the role of some airports changed due to the
differences in the markets and policies of various regions. WUH airport
was the most seriously affected by the pandemic. As the city of the first
announced COVID-19 case, Wuhan has suffered from the lockdown and
the suspension of passenger flights, which had a severe impact on traffic
flow. Before COVID-19 (i.e., NO), Wuhan was an important ground hub
connecting 9 provinces and played a key role in collecting and distrib-
uting traffic flow. Therefore, WUH was closely connected with both
trunk and branch roads and was a key connecting airport. After the
outbreak (N1), passenger flights decreased dramatically until the route
was cancelled, and WUH no longer belonged to the bridge layer until the
city of Wuhan began to recover and then belonged to the bridge layer
again in the N2 period. However, the node importance ranking dropped
sharply, and neither the airport connectivity nor the passenger flow
recovered to the NO period. CSX, as a regional hub airport in the
neighboring province of Wuhan, was severely affected by the pandemic
situation in the Hubei Province. When the passenger flights of WUH
were suspended, CSX once retrogressed to the periphery layer airport
during N1, but in the recovery period (N2), due to the later recovery of

Table 2

Airports in the core layer®.
NO N1 N2
Airport Connection I; Airport Connection I; Airport Connection I;
PEK 142 1 PEK 127 0.69 CAN 150 1
PVG 138 0.69 PVG 127 0.56 CTU 159 0.84
CAN 144 0.73 CAN 130 0.79 SzZX 135 0.76
SZX 131 0.64 SZX 122 0.64 PEK 120 0.66
KMG 122 0.57 CTU 147 1 SHA 93 0.38
URC 86 0.42 CKG 132 0.63
CTU 154 0.67 KMG 131 0.54
CKG 128 0.61 X1y 158 0.61
SHA 89 0.43 PVG 153 0.54
X1y 147 0.62
Average 126 0.64 Average 131 0.74 Average 137 0.66

? The airport full name and their IATA code is presented in Appendix A.
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Table 3
Airports in the bridge layer.

NO N1 N2
Airport Connection I; Airport Connection I; Airport Connection I;
NKG 95 0.34 SHA 72 0.33 CGO 96 0.25
CSX 91 0.24 HAK 93 0.49 NKG 102 0.27
WUH 81 0.20 KMG 112 0.45 CSX 102 0.26
CGO 95 0.31 CGO 81 0.29 HGH 119 0.45
XMN 93 0.33 URC 76 0.38 HAK 101 0.24
TAO 94 0.21 CsX 81 0.44 SHE 88 0.16
TSN 113 0.36 NKG 79 0.36 SYX 79 0.17
HGH 115 0.41 XMN 87 0.39 KWE 101 0.23
HRB 97 0.25 X1y 135 0.26 WUH 82 0.17
KWE 99 0.27 HGH 100 0.43 URC 85 0.16
SHE 83 0.25 TAO 83 0.48
HAK 102 0.41 KWE 89 0.45
SYX 73 0.18 SHE 79 0.26

SYX 64 0.21

CKG 116 0.47
Average 95 0.29 Average 90 0.38 Average 96 0.24

the Wuhan airport relative to all domestic airports, the connection be-
tween CSX and the airports inside and outside the province is closer than
that before COVID-19, and the importance ranking in the bridge layer
rises. This phenomenon continues until the end of the year.

Tourist destinations, such as KMG were also seriously affected.
Kunming, located in the Yunnan Province, is a famous tourist city that
attracts tourists from all over the country. The airports in the Yunnan
Province are densely distributed, and the transportation between cities
mainly depends on flights. Therefore, KMG was a core airport in NO. As
COVID-19 became more widespread, people avoided unnecessary travel
plans, and tourist travel declined. The proportion of trunk traffic flow
increased substantially, and KMG gradually became a passenger transfer
center, entering the bridge layer in the N1 period. In the N2 period, since
the Yunan Province is located in the most southwestern part of China,
which is relatively remote with underdeveloped ground transportation,
KMG returned to the core layer again because it has irreplaceable cen-
trality. Similar to KMG, URC is also located in the province of Xinjiang,
which formed a relatively independent provincial airport system due to
its close connection with airports inside the province and relatively
weak links outside the region. URC plays the role of core airport in traffic
transferring inside and outside Xinjiang Province. During the pandemic
period, traffic inside the province was almost suspended, and the URC
was only opened as a channel to connect with a small number of airports
outside the province. In addition, seriously and repeatedly affected by
the pandemic, the URC continued to be an important bridge airport for
traffic distribution in the province until the N2 period.

Some regional hub airports, such as XIY and SHA, are core airports
and are dominated in the region during the NO period. In N1, XIY was an
important gateway hub in northwest China, but its airport roles were
slightly different from those of CTU, the hub in southwest China. XIY
operated less flight frequency but had approximately 15% more routes
than CTU, which makes the traffic flow of XIY more dispersed. In fact,
most traffic flows from neighboring provinces were connected to XIY,
forming a subsystem covering the Shaanxi, Ningxia, and Qinghai Prov-
inces. In the N1 period, the main role of XIY was to transport passengers
within the system to the core hubs. Due to the larger coverage of
provinces in the recovery period, XIY again entered into the core layer.
As a supplementary airport for PVG in Shanghai, the passenger desti-
nation of SHA tends to be domestic airports. In the N1 period, due to the
reduction in passenger demand, PVG occupied most of the passenger
flow, leading to SHA retreating to the bridge layer. In the flight recovery
period, passenger demand increased, and SHA again became the core
airport.

TSN and HRB are the regional hub airports. TSN is one of the
cooperative airports in the airport group system of the Beijing-Tianjin-
Hebei Province, and adjacent to Beijing, it has always served as the

connecting airport to share the traffic demand of PEK. Therefore, TSN
played a role in passenger collection and distribution and was more
closely related to hub core airports where 97.4% of the flights were
trunk flights and became the bridge airport in the N1 period. However,
when the passenger flow decreases, this kind of airport group network
with a denser distribution of airports and a higher homogeneity of routes
was not conducive to the increase in passenger demand. Therefore, the
route and flight frequency in the TSN are reduced, making it a peripheral
airport, which forms a close connection between the airports in the re-
gion and the airport function is clearer and more accurate. Similarly, the
HRB, located in northeast China, delivered passenger demand to SHE,
the main hub in the region, and was less affected by the pandemic in the
N1 and N2 periods. HRB remained in the periphery layer due to the
unrecovered demand in northeast China. As an emerging international
hub in Beijing, as PEK was seriously affected by repeated outbreaks in
the first half of the year and was limited by traffic, PKX airport tempo-
rarily appeared in the bridge layer in the N2 period and was predicted to
return to the periphery layer after that.

5.2. Airline network performance

From the overall operation effectiveness of the network, changes in
the role of the nodes had minimal impact on the core layer. The
connection between airports inside the core layer and between external
airports maintained an operation level comparable to before COVID-19.
The average route distance remained at approximately 1, indicating that
the intralayer accessibility was still dominated by direct flights. The
importance of the airports and routes in the core layer is always the
highest in the process of network change, and the removal of core layer
nodes has the greatest impact on the whole network. The network was
able to maintain strong connectivity during the outbreak period and the
recovery period largely due to the priority placed on the core layer
airport operation. Table 5 shows the network performance measures of

each layer during the different periods examined. DC(k), CC;, L and I,
refers to the average degree-degree correlation, clustering coefficient,
distance and edge importance of all nodes and edges in each layer. I, is
the normalized result.

The value of the average degree-degree correlation DC(k) in the core
layer first increased and then decreased. This value for the periphery
layer first decreased and then increased, while the value for the bridge
layer increased over the three periods. During the N1 period, the core
layer airports and bridge layer airports were more connected with the
high-degree airports, and the internal connection and the correlation
between these two layers was greater. The number of periphery layer
airports in the network decreased at this time. In the recovery period,
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Fig. 3. Changes in airline network configuration.

the number of regional airports in the network increased, and some of
the periphery layer airports were directly connected with the hub again.

The clustering coefficient CC; and the path length L remained stable
in each layer during the different periods, indicating that accessibility
and connectivity were maintained. L was the largest and increased in the
periphery layer due to a network scale that covered a larger area. The
average edge importance I, of the core layer reached its highest value
during the N1 period and decreased substantially in the N2 period. This
occurred because traffic gathered in hub airports during the peak
outbreak period. Similarly, the connecting airports in the bridge layer
were busy transferring passengers from local areas to hub airports. This
situation continued even after the N1 period, as more airports were
connected to the network and people resumed travel.

Network efficiency was calculated based on data from 2019 to

determine the difference between the COVID-19 period and a ‘normal’
period. Table 6 shows the initial network efficiency and the decline rate
of network efficiency. 5, was calculated from Eq. (6), which refers to the
network efficiency before the removal of airports in the network. u is the
decline rate of the network efficiency calculated from Eq. (7); the higher
the value of 4, the lower efficiency of the destroyed network due to node
removals and the more important the deleted node will become.

As seen in Table 6, network efficiency does not decline much during
N1 and N2 (0.86 and 0.80, respectively) compared to the normal
network efficiency (0.91 in NO), which indicates that the airline network
is robust. In contrast to the hub-and-spoke network structure in the
domestic air transportation network in America and Europe
(25,23Dobruszkes and Wang, 2019; Qian et al., 2013), the airline
network in domestic China is a mixed hub-and-spoke network domi-
nated by direct flights and a limited number of hub airports. High-degree
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Table 4
Changes in airport roles.
role period
airport NO N1 N2
WUH Bridge / Bridge
CSX Bridge Periphery Bridge
KMG Core Bridge Core
URC Core Bridge Bridge
X1y Core Bridge Core
SHA Core Bridge Core
TSN Bridge Periphery Periphery
HRB Bridge Periphery Periphery
PKX Periphery Periphery Bridge
Table 5
Network performance measures of each layer during different periods.
Type Core layer Bridge layer Periphery layer
NO N1 N2 NO N1 N2 NO N1 N2
Bei 45.8 47.7 425 31.5 35.3 37.2 4.4 2.1 3.2
CC; 0.36 0.34 0.36 0.27 0.26 0.27 0.07 0.05 0.05
L 1.91 2.04 2.23 1.27 1.12 1.26 3.42 3.04 3.95
I:/ 0.87 1 0.49 0.79 1 1.1 1 0.52 0.55
Table 6
Initial network efficiency and decline rate of the network efficiency.
time period NO N1 N2
removal, (1o=0.91) (1o=0.86) (1= 0.80)
airport
PEK 0.56 0.77 0.73
KMG 0.25 0.37 0.43
URC 0.23 0.37 0.36
XIY 0.34 0.44 0.39
CSX 0.15 0.41 0.47
WUH 0.17 0.22 0.26

international hubs are connected with low-degree local airports as their
neighbors. Hub airports in the core layer not only have the passenger
transit function but also take part of the collection and distribution role.
While this network configuration may not have the highest efficiency, it
has an advantage when under ‘attack.” With the preservation of inter-
national hubs and regional hubs, network connectivity can be main-
tained and preferred by airlines (Wang and Wang, 2019).

During the different periods, deleting the same node would lead to
different network operation efficiencies. As shown in Table 6, in general,
the decline rate of network efficiency u in NO is between N1 and N2,
which indicates that the network efficiency now (recovery period) is not
as high as before. However, the overall efficiency of the initial network
was the highest in the NO period rather than in the N2 period. After the
COVID-19 outbreak, passenger flow tended to cluster among hub air-
ports due to the cancellation of some branch routes. Therefore, the

network was more like a typical hub-and-spoke network. Furthermore,
changes in the role of different airports also helped to maintain network
connectivity and efficiency. The core layer undertook more transfer
functions during the outbreak period, and the positioning of each node
at the network level was clearer. In the recovery period, due to the
gradual recovery of the routes (especially the increase in routes in the
periphery layer), some subnetwork configurations changed to point-to-
point networks. As a result, network efficiency decreased.

When the core hub airport (such as PEK and XIY) was removed, the
network efficiency was dramatically reduced. Especially during the
outbreak period (N1), as an important connection and distribution hub,
PEK played a key role in ensuring the overall operation of the whole
network. In the network recovery period, although the traffic flow was
shared by surrounding airports so that the importance of the node was
slightly reduced, it was still the core of the whole network. Focusing on
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the recovery of the core airport traffic flow will help the network’s
overall recovery.

When bridge airports, such as WUH and CTU, were removed in N1,
as there were more alternative routes in the network at this time, the
decline rate y remained stable, showing that the network was robust.
However, in N2, due to changes in the role of airports caused by the
outbreak, these airports became particularly important. When the air-
ports were removed, the network efficiency was considerably reduced.

In contrast, some important regional hub airports (e.g., URC and
KMG) are important gateways to connect the region with the outside
world. When these nodes were removed, some subnetworks were iso-
lated from the main network, resulting in a substantial increase in and
worse network efficiency. Compared to airports with larger traffic flow
but that can be replaced in their located regions, the flight frequency of
these airports should be appropriately increased during the recovery
period to ensure network connectivity and network efficiency.

6. Conclusion

This paper examines the impact of COVID-19 on an airline network.
Changes in airport roles, network configuration and efficiency, and
network recovery are analyzed. The purpose is to determine the key core
airports, key bridge airports, and route traffic distribution during the
spread of COVID-19 to provide guidance for airline flight scheduling
recovery.

After comparing the transportation indices, such as traffic demand
and flight frequency, around the pandemic spread, three examined pe-
riods are determined in chronological order, namely, the normal period,
the pandemic period and the recovery period. The network is divided
into the core layer, bridge layer and periphery layer using the k-core
method. Therefore, changes in the network structure and network effi-
ciency are investigated. A modified node ranking method based on de-
gree and edge weight is used to identify the importance of the nodes.
Therefore, the key airports during the recovery period could be
determined.

In terms of network configuration, the network is robust due to
having a mixed hub-and-spoke network configuration. Regional hub
airports are responsible for connecting, collecting and distributing
functions. Therefore, when some airports are removed, there are still
alternative routes and network connectivity can be maintained. How-
ever, in the network recovery period, airlines will ensure network
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connectivity at the cost of reducing the PLF. In fact, different flight re-
covery strategies should be implemented due to different airports roles.
Some airports need to accelerate the recovery of the original route
connection and the flight frequency, while others need to adjust the
network in time to increase passenger demand:

1. The reduction in flight frequency in some key airports will lead to a
considerable decline in network efficiency, especially for some
regional hub airports, such as URC and XIY, that are responsible for
the connecting function. The network configuration also shows
weakness in terms of a limited number of hub airports in these
regional areas. If flights from these airports cannot be guaranteed,
then the regional subnetwork will be separated from the main
network. As a result, network efficiency will be substantially
reduced. Even though these airports do not have the highest traffic
volume, they are the most important and irreplaceable connecting
airports. During the recovery period, apart from maintaining the hub
airport, properly increasing the flight frequency of these connecting
airports can promote rapid recovery in the network.

2. There are also some airports with network design defects, such as
TSN, which is located in the airport group system of Beijing-Tianjin-
Hebei Province, and the route homogeneity is high. When the
network is attacked and the structure changes, the operation airport
ability degenerates massively, and its passenger demand is difficult
to recover. Therefore, in the network design, we should not only
consider the benefits of homogeneous routes sharing passenger de-
mand in the normal period but also optimize the network in time
when the traffic is generally declining to avoid airport group system
routes with too high of a homogeneity.
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Airport code

Airport full name

CAN Guangzhou Baiyun International Airport
CGO Zhengzhou Xinzheng International Airport
CGQ Changchun Longjia International Airport
CKG Chongging Jiangbei International Airport
CsX Changsha Huanghua International Airport
CTU Chengdu Shuangliu International Airport
DLC Dalian Zhoushuizi International Airport
HAK Haikou Meilan International Airport

HGH Hangzhou Xiaoshan International Airport
HRB Harbin Taiping International Airport
KMG Kunming Changshui International Airport
KWE Guiyang Longdongbao International Airport
NKG Nanjing Lukou International Airport

NNG Nanning Wuxu International Airport

PEK Beijing Capital International Airport

PKX Beijing Daxing International Airport

PVG Shanghai Pudong International Airport
SHA Shanghai Hongqiao International Airport
SHE Shenyang Taoxian International Airport
SYX Sanya Phoenix International Airport

SZX Shenzhen Bao’an International Airport

(continued on next page)
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Airport code

Airport full name

TSN
URC
WUH
XIY
ZUH

Tianjin Binhai International Airport
Urumchi Diwopu International Airport
Wuhan Tianhe International Airport
Xi’an Xianyang International Airport
Zhuhai Jinwan International Airport
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