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Abstract

:

With the rapid expansion of China’s domestic air transport network (CATN), it is fundamental to model which factors and mechanisms impact this development. This paper investigates how the combined endogenous and exogenous factors influencing the evolution of CATN based on longitudinal data by utilizing a more all-encompassing methodology of stochastic actor based-modeling (SABM). Endogenous variables include a density effect, a betweenness effect, a transitivity closure effect, and a ‘number of distances-two’ effect. Exogenous variables incorporate airport hierarchy, a distance effect, presence or absence of low-cost carriers (LCCs) and high-speed rail (HSR). The systematic classification of Chinese airports into more than the typical two or three tiers allows the impacts of the four endogenous covariates to be revealed. Overall, the CATN has tended to evolve into a more compacted and non-concentrated network structure through the creation of non-stop routes and closed triads. The integrated inclusion of low-cost carrier and high-speed rail effects highlights the importance of market presence to the initiation of new routes at initial stages, cultivating potential demand and increasing accessibility. In addition, the construction of HSR to one primary airport within a multi-airport system can raise “shadow effects” for other airports. Our findings provide policy suggestions for airport operators in terms of developing accurate positions in the hierarchy and strengthening transfer ability.
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1. Introduction


Over the last several decades, the development of China’s air transport network (CATN) has been characterized by a combination of simultaneous inertial forces and massive change. These dynamics can be at least partially understood through an assessment, not only of supply and demand changes, but of the structure of the network, its spatial organization, air transport’s key competition—high speed rail (HSR), and government regulation. In this paper, we focus on the first four of the issues to build on previous research and to describe and explain the evolution of the CATN by 2019.



From the standpoint of air transport supply and demand, passenger traffic at airports in China has experienced rapid growth in both absolute and relative terms. Between 2010 and 2019, the number of passengers increased by 9% per year across the system. According to the Civil Aviation Administration of China [1], the number of scheduled routes has increased by an average of 13% per year. Even more staggering is the increase in the number of airports—from 175 in 2010 to 238 in 2019. By 2035, about 450 new airports are scheduled to be constructed. Given the difficulty in siting and developing new airport facilities in most regions, this change is unique across the globe.



The structural perspective relates to the network characteristics of the CATN across multiple metrics, including, for example, degree centrality, clustering coefficients and other measures based on complex network theory. Since the CATN is formed by the aggregation of all carriers’ routes across all airports, the network’s statistical properties provide a description of the ways in which key actors—air carriers, airports, the state—have devised transport systems in China. As of 2019, the CATN has evolved into a small-world network characterized by a short average path length, a high clustering coefficient, and scale-free properties with a two-regime power-law degree distribution [2,3,4], which is reflected in the coexistence of both hub-and-spoke (H&S) and point-to-point (P&P) networks adopted by particular carriers The debate between H&S and P&P has been a longstanding research stream in academia [5]. In the former structure, travelers need to transfer at an intermediary airport (i.e., hub) to reach their destinations, whereas in the latter one, only non-stop flights exist. Similar structures have also emerged in air transport networks in other geographies, such as the US and Europe [6,7]. Importantly, however, “real-hubbing” in terms of a connection-based wave structure, has been relatively stable and occurs at only four airports: Beijing (PEK), Shanghai (PVG), Guangzhou (CAN) and Kunming (KMG). Other Chinese airports, though hubs in the sense of degree centrality, are not major hubs through the lens of connectivity [8].



The spatial distribution properties of the Chinese domestic air system refer to the ways in which traffic flow is distributed among different airports, an inherently geographic process. Moreover, a focus on spatial organization explicitly allows for the assessment of the role of “airport hierarchies” in the system and the extent to which they have played a role in the development of the shape of the CATN [9]. This spatial hierarchy of airports continues to emerge within the CATN. Several researchers have investigated this issue from the perspective of network centrality [10], airline supply and competition [11], connectivity [12], as well as the development of integrated transport centers [13]. In general, airports in China can be classified into three to five groups depending upon the clustering indicators utilized. In any event, O’Connor et al. [11] state that “a level of inertia in the overall geography of China’s air transport” is apparent in the last several decades.



Meanwhile, the concomitant and extremely rapid development of HSR in China has significantly affected its air transport in many regards, such as supply and demand [14], spatial effects [15], substitutability [16], profits, and consumer welfare [17]. The overall conclusion has been that the HSR has had a negative influence on further air transport development in China, particularly in certain geographical and route situations.



The aforementioned research provides fundamental understanding of the evolution of CATN from one or two of the four standpoints. To date, relatively little attention has been paid to identify the complex interrelationship among these elements as well as how modeling these factors together are driving the changes in the CATN from a comprehensive perspective. One exception is Zhang et al. [12], who investigated the drivers of China’s airport connectivity and found that airport competition, the presence of low-cost carriers and high-speed rail had significant impacts on airport connectivity. These findings shed some light on the evolutionary mechanism of CATN, but their study did not consider the structural effects that are endogenous with the network changes.



Therefore, the objective of this paper is to investigate how the combined endogenous and exogenous factors influence the evolution of CATN based on longitudinal data by utilizing a more all-encompassing methodology of stochastic actor based-modeling (SABM). Here, the endogenous factors are defined from the perspective of micro-structural effects such as density, betweenness, transitivity closure effect, and so forth; while the exogenous factors refer to spatial organization, HSR competition and other external driving forces. The evolution of CATN is represented by the change of routes across a long time series. Zhang et al. [7] have employed SABMs to examine the dynamics of the European air transport network. The viability and advantages of using SABMs will be introduced in the next section.



The remainder of this paper is structured as follows. Section 2 provides a literature review that establishes the research context for the development of the CATN. Section 3 discusses data issues and reports on an exploratory data analysis used to inform the SABM modeling. Section 4 specifies the structural effects, actor and dyadic covariates that inform the SABM. Section 5 shows the estimation results, and Section 6 summarizes the main findings.




2. Literature Review


In this section, we review the literature on several relational components of the CATN. The purpose is to lay a foundation for SABM, and to appropriately construct both actor and didactic covariates. Specifically, we focus on three issues that span the spatial, structural and competition-based relationships described earlier. The advantages of SABM over other methodologies are also discussed.



2.1. Airport Hierarchy in the CATN


This section summarizes the structure of airport hierarchy in China based on the existing research. Although different studies have created varied classification schemes and used different time series, the results generally agree that there is at least a three-tier hierarchy in Chinese airports. As might be expected, the first tier includes the ‘big three’ (i.e., Beijing Capital, Shanghai Pudong, and Guangzhou Baiyun) that lead the country (by a wide margin) on nearly all indicators of airport activity and function. Airports included in the second tier, however, are not as consistently identified. For instance, Urumqi has been considered a second-tier airport based upon its betweenness centrality and function as a “connector hub” [10]. However, using different measures —for instance, the existence of an integrated transport systems including air, rail, and ground— other airports such as Wuhan, Zhengzhou and Shenyang have sometimes also been classified as second-tier airports [13]. Despite these differences, there does exist some commonality amongst studies. Specifically, Chengdu, Chongqing, Kunming, Shenzhen, and Xi’an nearly always appear in the second tier [10,11,12]. From this perspective then, all remaining airports are included in the last or third tier.



The inertia of the overall geography of CATN implies it is easy to overlook some of the nuances across China’s airports based upon only three tiers. We suggest that in order to identify airports that are likely to drive the change of CATN, three “forms” of connectivity indicators should be considered: i.e., the increases/decreases of airport measures in absolute terms, in relative terms, as well as relative rank. Airports that have increased on all of these features simultaneously are defined as “growing airports”. To make this determination, we turn to the work of Zhang et al. [12] on the connectivity of China’s airports. While connectivity is just one (albeit important) indicator with which to benchmark airport competition, research has found a high correlation between connectivity and other indicators [18] (see below).




2.2. The Impact of Low-Cost Carriers on CATN


Similar to the emergence of LCCs in the US [19], Europe [20], and other Asian countries [21], LCCs have also appeared in China. However, the rise of LCCs in China still lags somewhat behind other countries in terms of the total number of airlines, their market share, the extent to which they lower prices [22,23], and their effect on triggering substantial competition in the airline industry [24]. This is largely attributed to the government regulation of air transport [25] and the large-scale development of HSR [26].



Given the relatively small number of LCCs in China, research has usually focused on China’s largest—Spring Airlines, launched in 2005. According to the CAAC and the annual reports of Spring Airlines, its market share, in terms of numbers of passengers, increased from 0.78% in 2006 to around 3.3% in 2019 [1]. None of the other LCCs, such as Lucky Air, West Air, China United Airlines, and 9Air, accounted for more than 2% of market share in 2019. As with previous research, we limit our attention to the impact of Spring Airlines on the development of the CATN.



At the airport level, the presence of Spring Airlines has increased the overall connectivity of China’s airports over the period of 2005 to 2016 [12]. In particular, the airline tended to enter routes involving its hub airport in Shanghai and also its secondary airports such as Lanzhou, Shijiazhuang, Fuzhou and Huaihua [23]. At the route level, Spring Airlines was inclined to enter routes of relatively longer distances and higher densities than average, as well as routes which were not already served by any air carriers [23].



Wang et al. [26] found that Spring Airlines faces fierce competition with HSR expansion, especially within highly populated and developed corridors. This raises the question whether Spring Airlines will be able to survive in routes with high density. On the other hand, as Wang et al. [26] have pointed out, LCCs do seem to have advantages in the low-density corridors such as in central and western China. In sum, it is important to test whether the presence of Spring Airlines may still play a role in driving the evolution of CATN.




2.3. The Impact of High-Speed Rail on CATN


To our knowledge, there have been few studies that have explicitly focused attention on whether and in what way(s) HSR impacts and actually drives changes in China’s overall air transport network. At the airport level, researchers have investigated the “HSR effect” based on airport type by dividing China’s airports into hub and non-hub facilities [14,16]. However, the results have not always been clear because of varied hub definitions. For instance, Chen [14] defined four hub cities (i.e., Beijing, Shanghai, Guangzhou and Chengdu) and found that routes involving these cities were influenced to a greater extent by HSR service than those involving non-hub cities. Meanwhile, Wang et al. [16] obtained the opposite result by considering only Beijing, Shanghai and Guangzhou as hubs. This implies, as discussed in Section 2.1, that a classification scheme of China’s airports with more than two or three tiers is needed to refine the airport hierarchy.



At the route level, researchers have considered the HSR effect on disaggregated markets with different distances, densities and specific HSR lines. Several studies focused on identifying the distance range(s) for which there is the most competition between HSR and air transport. Chen [14] found that the strongest competition from HSR, both in supply and demand, occurred at a distance range of 500 to 800 km. Ding et al. [15] concluded that HSR has put significant pressure on the market share of air routes ranging from 500 to 900 km using Beijing–Shanghai passenger dedicated lines (PDL) as a case study. Here, the measurement of market share was based on a comprehensive utility function considering economy, speed, comfort, and convenience. Other researchers used different refinements to examine the impact of HSR in a variety of distance bands. For example, bands of 501–1000 km and 1001–1500 km were examined by Zhang et al. [12] and 500–2000 km by Lin (2012).



Zhang et al. [27] found that the impact of HSR on airlines was severe in thin markets and insignificant in thick markets. Additionally, other research has focused on specific HSR lines, such as Beijing–Shanghai PDL and Wuhan–Guangzhou PDL [15,28] due to their tremendous impacts on socio-economic development, the changing roles of major cities, and the advances in development of integrated transport [13]. Research has largely neglected, however, the complex relationships between HSR, LCCs, and air transport. It is likely that some routes can be simultaneously served by HSR, LCC and other types of carriers while others are more fragile. All of this suggests that a more systematic assessment is required if HSR’s role in the CATN is to be accomplished.



Given the special context of the development of LCCs and HSR in China, we extend previous research by investigating the integrated effects of LCCs and HSR on the evolution of CATN. To embed the HSR effect into the research framework of SABM, we examine the possible impacts of HSR on the evolution of CATN at route level.




2.4. Methodology Modeling Network Dynamics


The dramatic growth and changes of the CATN have drawn considerable attention from academic researchers as well as airport operators. If the past is at least some guide, the future growth and change of the CATN will be linked to the patterns of expansion (or contraction) of the economy, airline and airport strategies as well as the ongoing state-led liberalization process. Therefore, understanding the underlying evolutionary mechanisms to date is fundamental in order to better understand and ‘design’ more optimal air transport networks, where optimal refers to higher benefits from both producer and consumer perspectives.



As mentioned above, the CATN has been demonstrated as a complex network with small-world and scale-free characteristics, which is topologically self-organized due to the existence of several micro-structural effects such as preferential attachment, triadic closure, reciprocity, and so forth. However, traditional econometric models dealing with the mechanism of network formation and evolution assume that links in the network are independent and thus cannot capture those effects [29]. The interdependence within the dependent variable and between dependent and independent variables calls for more complex models. Two recent topology-based models derived from social network analysis have tackled these issues. One is the family of exponential random graph models (ERGMs) [30] that can explain the endogenous and exogenous driving factors of a network. However, they can merely deal with cross-section network data observed at a given moment instead of longitudinal data. The family of stochastic actor-based models (SABMs) [31] is capable of modeling longitudinal network data across several time periods and permits the parameterization of both exogenous and endogenous covariate factors.



The viability and advantages of using SABMs in spatial network analysis can be seen in Liu et al. [32]. Zhang et al. [7] have employed SABMs specifically in an air transport context in their research of the evolution of European air networks. In particular, the research recognized that in a liberalizing marketplace, airports have become significant actors in the development of air transport networks. This paper, then, extends the existing literature through the application of a more comprehensive SABM model to investigate the factors influencing the evolution of the CATN over the period 2011-2017. Since, as described above, the structural properties of the CATN have been shown to be characterized by some level of stability (i.e., in hubbing, core vs. peripheral airports), we employ endogenous variables commonly used in SABMs and construct the exogenous variables for the SABMs for China’s context based on a review of relevant literature and an exploratory analysis.





3. Data Considerations and Exploratory Analysis


The literature described above suggests that the inclusion of integrated measures of airport hierarchy, LCCs, and HSR must be incorporated into analyses to develop a more comprehensive understanding of the drivers of the CATN. In this section, we build on that discussion to accomplish two goals. First, we describe the resource of the database. Second, we perform an exploratory data analysis which provides direct inputs into the stochastic actor-based models as employed in Section 4 of the paper.



3.1. Data


Flights data were collected from the Official Airline Guide’s (OAG) “schedule analyzer module” for the years 2011 and 2017. These data contain information on origin and destination airport, as well as flight frequencies and number of seats. We consider the CATN to be a non-directed network in which a route between any airport pair can always be matched with a return route. Airports of primary concern to the analysis include those that (1) had yearly outgoing route frequencies greater than 365, and, (2) provided services in both 2011 and 2017. The threshold of restricting routes selection is relatively high due to the fact that the opening of some routes may be policy-oriented instead of business-oriented given the regulation of the air transport in China. We have tried to eliminate this issue as much as possible in the analysis. Utilizing this technique, we identified 127 airports (Figure 1) which we consider to be the node set of the CATN upon which the rest of the analysis is focused.



As indicated earlier, it has become clear that a comprehensive assessment of the CATN requires a more refined breakdown of the airport hierarchy in order to capture the details of the evolving network. In order to facilitate the design of actor and dyadic covariates upon the airport hierarchy, we performed a hierarchical cluster analysis on the group of airports that met our criteria for inclusion The advantage of applying the hierarchical cluster analysis over other clustering methodologies is that there is no need to predefine the number of clusters. As shown in Table 1, the larger number of airports under investigation in this paper compared to other papers calls for a five-tier clustering which can better refine the distinct characteristics of the lower-level airports, which has been largely ignored by existing research. Four indicators, i.e., population levels and enplanements in both 2011 and 2017, were used as they are capable of representing the performance and potential demand of airports, as well as changes in the period under investigation. The classification results were validated by comparing with the results of other studies. As shown in Table 1, the first two tiers nearly correspond to the results of the existing research. Given the larger number of airports investigated, the classification of the remaining airports into more groups provides more details about the characteristics of airports. Most airports positioned in the third and fourth hierarchy are provincial capitals. The difference between these two tiers is due to the inequality of the economy development in different regions (e.g., east versus west). The fifth airports are those positioned as peripheral airports in the overall network.



SABM assumes that the ratio of the number of maintained ties over time relative to the sum of the maintained, new and broken ties is larger than about 0.3 [31]. To insure that this assumption is met, we applied the Jaccard index defined as follows:    N  11   /  (   N  11   +  N  01   +  N  10    )   , where    N  11    ,    N  01     and    N  10     are the number of maintained ties, new ties and broken ties. The result was 0.422 (see Table 2), indicating that the network formation process can be modeled via SABM. Overall, the density of the CATN increased by 43.8% during the study period. The average number of routes connected by an airport increased by about 3, while the total number of routes increased by 333. However, there is still a large number of routes that are not linked by any airports until 2017, implying a sparse characteristic of CATN.




3.2. Exploratory Analysis


To establish the specific ways in which airport hierarchy, route distance ranges, as well as a new perspective on LCC-HSR interactions can be used in a model of drivers of change in the CATN, this section conducts an exploratory analysis of the data. In doing so, the definition of airport hierarchy follows Figure 1. Further, we divided route distance into three categories: short-haul routes of less than 1000 km, medium-haul with distances between 1000 km and 2000 km, and long-haul of more than 2000 km A more detailed division is also designed by dividing the short-haul into routes with distance less than 500 km and between 500 and 1000 km. Meanwhile, the long-haul is split into distance between 2000 and 3000 km, as well as larger than 300 km. However, it does not change the estimation results.



3.2.1. The Changes in the CATN Based on Airport Hierarchy


As described above and shown in Figure 1, the airports in the study were divided into five tiers. First, to determine whether there was variation in terms of routes over time, we measured the number and share of routes by group, weighted by the number of airports in each group (Table 3). The results show that the first-tier airports (i.e., PEK, PVG and CAN) have the strongest likelihood to open routes to airports in other tiers in both 2017 and 2011, confirming the inertia of the structure of CATN where the ‘big three’ continues to dominate the launch of the new routes. Interestingly, however, the share of routes at these top airports decreased by 15.2%. On the other hand, fifth-tier airports showed the largest relative increase in 2017, followed by the third-tier airports. While the percentage increase is large, particularly for the fifth tier, the fact that the overall percentage of routes in this group is small confirms that most of these airports remain on the periphery. Meanwhile, second-tier cities are also playing a more important role [11,33].




3.2.2. The Changes of CATN Based on Distance


Table 4 shows the changes in the number of routes and share of the CATN by distance band. Based on the number of routes, the long-haul markets (>2000 km) had the largest increase, followed by medium- (i.e., 1000–2000 km) and short-haul (<=1000 km) markets, respectively. Based on the share of total routes, medium-haul markets had the largest share in both 2017 and 2011 and experienced a 6% increase. Although long-haul markets also had a substantial increase, comparatively, they had the lowest share of routes in both years. Finally, the short-haul market had a 13.6% decrease in the share of number of routes. In sum, these trends strongly suggest that a model of CATN evolution should consider route distance in the mix of variables.




3.2.3. The Impact of LCCs and HSR


High speed rail is an important option for spatial mobility in many areas of China. However, as elaborated in the literature review, Wang et al. [26] found that the impact of HSR expansion on aviation may be overestimated if the potential impacts of LCCs (and specifically, Spring Airlines) is not recognized.



Data on HSR stations and lines were collected through cooperation with the Dispatching Department of China State Railway Group Company Data were collected through the website of China State Railway Group Company [https://www.12306.cn/index/. First accessed in 1st March 2020].We examined the joint impact of LCCs and HSR by dividing routes into four types: (1) routes served only by an LCC without HSR presence; (2) routes served only by HSR without LCC presence; (3) routes served by both LCC and HSR, and (4) routes served not by either LCC and HSR. Table 5 shows the changes in the number and share of routes by the four route types. Surprisingly, there were only two routes served by an LCC but without HSR presence in 2011 and no such routes in 2017. In other words, by 2017, all routes served by an LCC were also served by HSR. Moreover, the number of jointly served LCC/HSR routes increased by three times over the period. Both the number and share of routes served only by HSR increased between 2011 and 2017. These results indicate that the SABM should be incorporated into the dynamics of HST and LCC options.






4. Model Specification and SABMs


The SABM method combines continuous time Markov models, random utility models and Monte Carlo simulation techniques to analyze network dynamics [34]. The actor-based ‘unilateral initiative and reciprocal confirmation’ model is applied to estimate the tendency parameters due to the hypothesis of undirected characteristics of the CATN [34,35]. The key setting of the model is the objective function that determines the probabilities of the tie changes made by actors and is assumed to be a linear combination of a set of network effects [31], as presented in Equation (1).


   f i   (   x 0  ,   x ,   v ,   w  )  =   ∑  k   β k   s  k i    (   x 0  ,   x ,   v ,   w  )   



(1)




where,  x  represents the adjacency matrix   x =    (   x  i j    )    n × n     of a network, in which    x  i j     represents the presence or absence of a route between two airports  i  and  j  and equals to 1 or 0;     n   is the total number of actors. The dependent variables in the model are the changes in tie variables derived from  x .    f i    represents the objective function for airport  i . Its value depends on the current state    x 0   , a potential future state  x  of the network, as well as on actor covariates  v  and dyadic covariates  w  (i.e., exogenous effects).    s  k i     are functions denoting the endogenous and exogenous covariates driving the evolution of CATN from the standpoint of actor  i .    β k    are the statistical parameters that express dynamic tendencies of network evolution. If    β k    equals 0, the corresponding effect plays no role in the network dynamics; if    β k    is positive, the probability that the network shifts towards the direction with a high value on the corresponding network effect    s  k i     is higher; otherwise, if    β k    is negative [31].



As    s  k i     are the core components of the objective function, we will explain them in detail. We focus on three categories of covariates: structural, dyadic, and actor, which incorporate the supply/demand, structural, spatial and competitive effects described earlier. Following Zhang et al. [7], the structural effects include four endogenous network effects, i.e., (i) density, (ii) transitivity triads, (iii) betweenness, and (iv) ‘number of distances-two’ effects (network connections via an intermediary). This is due to the fact that both the CATN and European air transport network possess small-world network characteristics with scale-free properties [3]. The dyadic covariates include route distance, LCC activity, HSR activity, and the interaction term of LCC and HSR. The actor covariates include airport hierarchy, the growth of airports, and the trend to develop integrated (i.e., a combination of air and HSR) transport nodes. The definitions of the endogenous and exogenous covariates are introduced as follows.



4.1. Structural Covariates


	
Density effect






The density effect is the most basic structural effect and captures the tendency of an airport to connect to other airports. As we are dealing with a non-directed network, in-degree and out-degree effects are combined into an overall degree or density effect, as measured by Equation (2).


   S  1 i    ( X )  =   ∑  j   x  i j    



(2)




where  X  is the adjacency matrix;    S 1   ( X )    denotes the density effect;  i  and  j  are airports;    x  i j     indicates the presence or absence of a non-stop connection between two airports and equals to 1 or 0. A positive value for the density parameter suggests that airports tend to open more routes; a negative value for the density parameter suggests that airports tend to have fewer routes.



	
Transitivity closure effect






The transitivity closure effect assesses the tendency of two airports to become connected if both airports share a third common ‘partner’ in the network. It is defined as the number of transitive patterns in an airport’s relations. The calculation is presented in Equation (3).


   S  2 i    ( X )  =   ∑   j < h    x  i j    x  i h    x  j h    



(3)




where    S 2   ( X )    denotes the transitivity closure effect;  i ,  j  and  h  are airports. A positive sign suggests that airports connecting to the same ‘partner’ airport are more likely to initiate a new route compared to other airports that do not have a shared ‘partner’. A negative sign indicates that airports connecting to the same airport are less likely to form closed triangles than other airports that do not have a ‘partner’ in common.



	
Betweenness effect






The betweenness effect measures the number of pairs of airports that are indirectly linked by a third airport. The calculation is presented in Equation (4).


   S  3 i    ( X )  =   ∑   j , h    x  h i    x  i j    (  1 −  x  h j    )   



(4)




where    S 3   ( X )    denotes the betweenness effect. A positive sign indicates the tendency of airports to be in between disconnected airports and to function as ‘transfer’ centers. A negative sign suggests that airports are less likely to be in between disconnected airports over time.



	
Number of distances-two effect






Number of distances-two effect (nbrDist2) takes into account indirect connections between airports, which is defined by the number of airports to whom an airport is indirectly related through at least one intermediary node (i.e., at geodesic distance two).


   S  4 i    ( X )  = #  {   x  i j   = 0 ,   m a  x h   (   x  i h    x  h j    )  > 0  }   



(5)




where    S 4   ( X )    denotes the ‘number of distances-two’ effect. A positive sign for this effect suggests that airports open indirect routes, connecting other airports through an intermediary airport. A negative nbrDist2 effect indicates that airport  i  is more likely to directly connect to airport  j , given that airport  i ’s ‘neighbor’ airport  h  is directly connected to airport  j  (and regardless of any other indirect connection to airport  j ).



It is worth noting that airports can perform as the predominant actor of opening or canceling routes when the network data were aggregated by all carriers. In addition, airports are playing an increasingly important role in the network development at the country level while dealing with complicated relationships with carriers, passengers and other airports [7].




4.2. Dyadic Covariates


	
Distance effect






Based on the exploratory analysis, we construct two variables, i.e.,   D i s t a n c e M e d i u m   and   D i s t a n c e L o n g  , to test whether distance is a significant driver of network dynamics. The benchmark variable is route distance belonging to the short-haul range. If the distance of a route is between 1000 and 2000 km, then the value of   D i s t a n c e M e d i u m   is 1, and 0 otherwise. If a route’s distance is above 2000 km, then the value of   D i s t a n c e L o n g   equals to 1, and 0 otherwise. This division allows us to examine whether the probability of opening new routes varies among different distance bands.



	
LCC effect






The variable   L C C   is designed to indicate if the presence of an LCC (i.e., Spring Airlines in particular) on a certain route can significantly influence change in the CATN. If Spring Airlines is active on a route, then the value of   L C C   is 1, and 0 otherwise.



	
HSR effect






The variable   H S R B o t h E n d s   represents the potential impact of HSR on the evolution of the CATN. If both ends of a route are located in cities that have HSR stations, then the value of this variable equals to 1, and 0 otherwise.



Based on exploratory analysis, we further deploy an interaction term, i.e.,   L C C * H S R B o t h E n d s   to study the integrated impact of LCC and HSR given their strong overlap in services.




4.3. Actor Covariates


	
Airport hierarchy effect






Four variables, i.e.,   F i r s t T i e r  ,   S e c o n d T i e r  ,   T h i r d T i e r  , and   F o u r t h T i e r  , are designed to detect whether the existing airport hierarchy drives the network evolution. The measurement of these variables is based on the exploratory analysis explained in Section 3.



	
Growing airports effect






Researchers have found that some airports in China experienced substantial growth after 2011 [11,12]. It is thus important to investigate whether these growing airports are also vital forces in overall network changes in the CATN. Based on Zhang et al. [12], we specifically consider 13 airports with the largest growth rates and rise in rank in terms of connectivity. These include Nantong, Mianyang, Liuzhou, Luzhou, Luoyang, Shantou, Zhanjiang, Lanzhou, Hohhot, Lijiang, Harbin, Zhengzhou and Yinchuan.



	
Emerging integrated traffic center effect






The variable   E m e r g i n g I n t e g r a t e d N o d e s   tests whether a city where the airport is located had HSR stations in 2017, but not in 2011. If positive, then this is an indirect representation of the HSR effect at the airport level. The coexistence of HSR and airports in the same city implies the government’s intent to develop a more integrated transport system at a city level to facilitate mobility. The emergence of an integrated transport system is important because it both reflects a level of travel demand, and may even stimulate new potential demand as travelers can easily choose between HSR and air. Its impact on network dynamics may be positive in the long-term, but also may be difficult to uncover in the short-term.





5. Results


5.1. Model Tests


We employed a forward stepwise procedure to gradually construct and select models. Based on the exploratory analysis and model specification, seven intermediate models were estimated: Model 1 is the basic model including the four endogenous covariates; Model 2 adds the two distance covariates; Models 3 to 5 incorporate other dyadic covariates (i.e., LCC, HSR and their interaction term); Model 6 accounts for the four airport hierarchy covariates; and finally, Model 7 includes the other two actor covariates (i.e., Growing airports effect, Emerging integrated traffic center effect). Model 7 consists of the full set of both endogenous and exogenous covariates that have the potential to drive the evolution of the CATN (Table 6).



The first step to ensure good parameter estimation is to evaluate the convergence of results. SABMs generate an indicator called “convergence t-ratio” to check for the convergence of the individual parameters and the overall model. For adequate convergence, the t-ratio of an individual parameter should be lower than 0.1 and the overall maximum convergence ratio should be less than 0.25 [31]. As shown in Table 6, this is the case for each of the models and their individual parameters.



In addition, Wald- and score-type tests are used to decide whether individual or multiple covariates should be incorporated in the model based on the (joint) significance of newly added parameters. As shown in Table 6, the significance of Score-type tests for Models 2–7 (except model 5). The Score- and Wald-type tests are applied to test the new added parameters only. As the interaction term of LCC and HSR in Model 5 is not significant, the values for the two tests are also not statistically significant. However, this variable is still included in the following models due to the theoretical considerations. indicates improvements in fitting the models, as the new dyadic and actor covariates are progressively included in the models. Wald-type tests for joint significance also yield significant results, revealing that the evolution of the CATN is strongly driven by the specified effects.




5.2. Parameter Interpretation


The estimation results are presented in Table 6. As represented by the rate parameter from Models 1 to 7, a Chinese airport can obtain 9 to 12 expected opportunities to change route links per time step between 2011 and 2017. Time steps represent the time moments when an actor obtains the chance to change a route connection according to its current state and other actors’ states in the network. These time steps are simulated values and made sequentially. The basic density effect is significant and negative in the first five models without airport hierarchy covariates, implying that the costs of an airport launching a route to another arbitrary airport outweigh the benefits. This suggests that the airport should rationally evaluate the attractiveness of the other airports before making links. Based on Model 5, the probability that an airport creates a new random route is 29% [   e  − 0.890   /  (   e  − 0.890   + 1  )   ] during the study period. The non-significance of the density effect in Models 6 and 7 (when adding the four airport hierarchy covariates) reflects the close association between node degree and its strength (e.g., flight frequency, passenger, GDP, etc.). This confirms results found by Lin [2] and Zhang et al. [4]. On the other hand, it highlights the overarching role of airport hierarchy covariates over simply binary links in driving the evolution of the CATN.



The transitive triplets effect is significant and positive in all seven models, suggesting that the network tends to evolve towards a state with a higher value of this effect. For instance, suppose that airport  i  has a route link with airport  j  and  h  but  j  and  h  are not connected, then ceteris paribus, the odds of the route   j − h   being created is about 1.1 times (   e  0.054    ) higher than other cases. In other words, the probability that  i  and  j  connect with  h  in order to increase its value of closed triplets is 51.4%.



The betweenness effect is only significant in Models 6 and 7 which include airport hierarchy covariates. The negative sign means that the CATN tends to evolve towards a state with a larger betweenness centrality. Numerically, if airport  i  is linked with airport  h  but not  j , then ceteris paribus, the probability that  i  is connected to  j  is as low as 43%, as the creation of route   i − j   will increase the betweenness of airport by 1 unit. In practice, it reflects the fact that airports are not as attractive as transfer or stopping points in China’s domestic air markets.



The ‘number of distances-two’ effect is significant and negative in almost all models, suggesting the preference of non-stop routes over one-stop ones in the CATN. Although one-stop transfer flights can increase an airport’s accessibility, the unattractiveness of the domestic hub airports (as shown by the betweenness effect) has hindered the launch of many one-stop flights, especially from small airports. Combined with the positive effect of transitive triplets, the CATN tends to evolve towards a more compact and non-concentrated network by creating more point-to-point routes and closed triads.



The two distance covariates present significant and negative impacts when the airport hierarchy covariates are included in the model. As shown in Model 7, the probability that an airport links to another airport with a medium- and long-level distance are 32% and 17%, respectively. It seems that the CATN, overall, has generally evolved towards more routes with a distance below 1000 km during the study period.



The LCC effect is significant and negative in all models, suggesting that the CATN has a higher probability to establish new route linkages without the presence of Spring Airlines. This may not, however, necessarily imply that Spring Airlines had strong power to deter the entry of competitors on a route. Rather, this effect may reflect Spring Airlines’ stagnant development when facing the strong competition from HSR and the three big airlines (i.e., Air China, China Eastern, and China Southern).



The HSR effect is also significant and negative in all models. The odds ratio of opening a route overlapping with the HSR service versus without the HSR service is 0.04. In line with the negative impact of HSR on the demand for and capacity supplied of seats found by other researchers, we provide evidence that the large-scale development of HSR also puts great competition pressure on the overall air transport network evolution in China.



The interaction term of LCC and HSR is significant and positive in Models 6 and 7, signifying that the CATN tends to evolve towards airport pairs with the presence of both LCC and HSR. As shown in the exploratory analysis, the total number of routes with both LCC and HSR services in 2017 increased by two times compared to 2011, especially on routes involving fourth-tier airports connected by first, third, and fourth-tier airports. A closer examination of the overlapping LCC and HSR routes in 2011 and 2017 shows that the expansion of Spring Airlines in focus cities, and the “shadow effect” of HSR constructed at Shanghai, contribute to the positive impact of the interaction term. As shown in Table 7, four new focus cities (i.e., LHW, NGB, CGQ, and BHY) that were added into Spring’s network in 2017 also have HSR service. Although it is unclear whether it is the operation of HSR or LCC that stimulates new demand and drives the route expansion, the presence of both LCC and HSR provides more options for passengers. Second, twelve more routes were added at PVG, i.e., one of the most important focus cities of Spring, in 2017. Given the fact that the HSR was directly integrated into Shanghai Hongqiao Airport, the significant increase of route linkages at PVG may be due to the shadow effect of integrated transport construction at SHA. In addition, combined with the negative effects of including LCC and HSR covariates separately, this variable captures the tradeoff and contradiction between the relatively regulated aviation industry and the surge of the external development in China, such as economy, trade, labor migration, and urbanization.



As expected, the four airport hierarchy covariates significantly and positively affect the evolution of the CATN. Compared with the fifth-tier airports, the odds of opening routes at the other four tier airports is quite high. The effects reveal a gradually decreasing trend as the hierarchy moves from the first-tier to the fourth-tier airports. The results highlight the significance of the existing airport hierarchy as a driver of network evolution. Furthermore, as expected, airports with high growth rates also have higher probability to open new routes. This contrasts with airports whose cities were included in the policy of establishing new HSR stations. Here, there was no statistical impact on network change.





6. Conclusions


This paper investigates the dynamics of air transport in China by considering the impact of structural, spatial, competitive, and (by implication) state-level effects on the development of the CATN. Important considerations are the impacts of airport hierarchy, low-cost carrier activity and high-speed rail. Stochastic actor-based modeling allows us to incorporate the endogenous structural effects in order to examine how exogenous and endogenous factors together drive network evolution in a comprehensive way. This paper contributes to the literature in three ways: (1) The systematic classification of airports with five tiers (as opposed to traditional three-tier representations) permits the significant impacts of the four endogenous covariates to be revealed. In other words, the traditional classification of airports into less tiers cannot fully capture the network sub-structures such as transitivity or indirect connection in CATN; (2) An integrated perspective of low-cost carrier and high-speed rail is adopted to highlight the importance of market presence to motivate the opening of new routes and further activation of potential demand; and (3) The combined endogenous and exogenous covariates provide a comprehensive explanation on the mechanisms of network evolution in the CATN, expanding on previous research to better parameterize the effects and to show the utility of SABMs.



Airport hierarchy effect plays a role, not only in driving the evolution of the CATN, but also by enhancing the estimation accuracy of the model. First, the higher the level of the airport in the hierarchy, the larger the probability or odds of opening new routes. While this seems obvious, it is, in fact, quite nuanced, since busy airports operating closer to capacity may not necessarily have the ability to do so. The quantification of the probability or odds difference among various levels of the hierarchy reveals a significant phenomenon—the rising role of second-tier airports as a driver of network evolution—confirming the more descriptive results of O’Connor and Fuellhart [33] and O’Connor et al. [11]. As suggested by Zhang et al. [36], the congestion at the ‘big three’ airports (i.e., here corresponding to the first-tier airports) caused by capacity constraints leads to a “congestion spillover effect.” Some secondary airports in China have more ability to accommodate the spillover transfer traffic. Our findings add straightforward evidence that verifies the extent to which second- tier airports are influencing the dynamics of the CATN. Second, incorporating the airport hierarchy effect into the model highlights the significance of other covariates, such as betweenness effect, two distance effects and the LCC and HSR interaction effect.



Low-cost carriers, like Spring Airlines, have a significant role in impelling the development of the CATN, but not in an ‘aggressive’ way. This is in line with Fu et al. [23] who, using data from 2005 and 2012, summarized that “LCCs have potential to introduce more competition but are yet to be a ‘game changer’ in China.” Our research, using data from 2011 and 2017, shows that Spring Airlines still needs to make substantial efforts before it more substantially impacts the aviation market, at least from the perspective of system-wide network development.



The significant and negative sign of HSR provides new evidence about its impact on driving the network evolution of the CATN. Our findings confirm that HSR has profoundly influenced aviation in a widespread way. However, they also show that this result, together with the significant and positive impact of the LCC/HSR interaction term, provides evidence that the development of a sophisticated air transport network at the national level calls for policy support from both the aviation industry and city governments. Expanded aviation deregulation, especially to encourage the prosperity of LCCs, would benefit the market and the network. After all, it is both the diversity of carriers and competitive market structure that will benefit travel. For local governments, a higher priority on the development of an integrated transport system could be made to enhance the coordination of different transport modes. As illustrated by the PVG - SHA case, the construction of HSR inside of one primary airport within a multi-airport system can bring the “shadow effect” for other airports. On the other hand, it can also be the case that the presence of HSR (even before the official operation) cultivates the willingness-to-travel of passengers, which can be later enhanced by the presence of Spring, or vice versa.



The three endogenous variables (i.e., transitive triplets, betweenness, and indirect effects) are also crucial driving forces of the network evolution. Given the unattractiveness of transfer through the domestic hub airports (as shown by the negative betweenness effect), the CATN has tended to evolve into a more non-concentrated, point-to-point network structure through the creation of non-stop routes (i.e., the negative indirect effect) and closed triads (i.e., the positive transitive triplets). Together with the airport hierarchy effect, our findings provide opportunities for airport operators. First, given the importance of airport hierarchy in network formation, airports should carefully examine their development strategies and functions in order to develop strong positions in the hierarchy. For instance, for the large number of fifth-tier airports, playing a feeder role to regional capital airports is a way to significantly increase accessibility. Second, the weakness of the existing transfer market overall may actually signify opportunity for some alternative airports to become more transfer-centered—particularly those airports positioned in the second and third tier of the hierarchy. Finally, we showed that route distance also significantly influences the evolution of the CATN. In sum, these integrated findings offer an extensive summary of the evolution of the CATN over a 16-year period, ending prior to the global COVID pandemic of 2019/2020—which will most certainly change the shape of aviation in China and around the world. The study provides a benchmark by which to view the reemergence of the aviation industry in the Chinese context as a different air transport market evolves.



This study also has some limitations, and provides opportunities for further research in several ways. First, the coverage of the CATN can be expanded to include smaller routes and more airports in order to explicitly quantify the impact of policy regulation on an even broader definition network evolution. Second, the construction of the HSR variable can be made more specific by considering the speed, frequency and travel time of HSR routes. In that way, the impact of HSR on air transport network dynamics can be interpreted in a more straightforward way. Last but not the least, we have analyzed the CATN from purely a domestic perspective. Future work can take China’s international air transport network into consideration, which is particularly relevant vis a vis the COVID-19 pandemic, as knowing how the CATN has arrived in its current state can be an important benchmark to understanding the similarities, differences, and potential outcomes of a post-pandemic China (and world).
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Figure 1. Airport location and hierarchy of CATN (China’s domestic air transport network). 
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Table 1. Literature overview of airport hierarchy of CATN.
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Author Name

	
Indicators

	
# Clusters

	
# Airports

	
Airport IATA Code




	
First Tier

	
Second Tier

	
Third Tier

	
Fourth Tier

	
Fifth Tier






	
Mo et al. [10]

	
Network centrality

	
3

	
146

	
4 *: PEK, PVG, SHA, CAN

	
5: SZX, KMG, CTU, XIY, CKG

	
137: Others

	

	




	
Ding et al. [13]

	
Integrated transport hubbing

	
4

	
42

	
4: PEK, PVG, SHA, CAN

	
7: KMG, CTU, XIY, WUH, CKG, SHE, URC

	
15: TSN, CGO, NKG, HGH, HRB, and another 10 airports

	
17: SJW, TYN, FOC, HFE, HAK, and another 12 airports

	




	
Zhang et al. [12]

	
Connectivity

	
3

	
69

	
3: PEK, PVG, CAN

	
5: SZX, KMG, CTU, XIY, SHA

	
40:

CGO, HGH, URC, XMN, HRB, and another 35 airports

	
21: JJN, NAY, BAV, XUZ, and another 17 airports

	




	
O’Connor et al. [11]

	
Airline supply and competition

	
3

	
37

	
3: PEK, PVG, SHA, CAN

	
5: SZX, KMG, CTU, XIY, CKG

	
18: HGH, WUH, CSX, TAO, and another 14 airports

	
15: CGQ, KHN, LHW, HET, HFE, and another 10 airports

	




	
This paper

	
Changes in population and enplanements

	
5

	
127

	
3: PEK, PVG, CAN

	
7: SZX, KMG, CTU, XIY, CKG, HGH, SHA

	
13: NKG, WUH, TSN, XMN, CGO, and another 8 airports

	
16: KWE, TNA, NNG, LHW, FOC, and another 11 airports

	
88: WUX, YNT, XNN, JJN, SWA, and another 83 airports








* The value represents the number of airports included in a particular cluster. Note: CAN: Guangzhou; CTU: Chengdu; CKG: Chongqing; CGO: HGH: Hangzhou; CGQ: Changchun; CSX: Changsha; FOC: Fuzhou; HAK: Haikou; HET: Hohhot; HFE: Hefei; HRB: Harbin; JJN: Quanzhou; KHN: Nanchang; KMG: Kunming; KWE: Guiyang; LHW: Lanzhou; NKG: Nanjing; PEK: Beijing Capital; PVG: Shanghai Pudong; SHA: Shanghai Hongqiao; SHE: Shenyang; SJW: Shijiazhuang; SZX: Shenzhen; Zhengzhou; TNA: Jinan; TSN: Tianjin; TYN: Taiyuan; URC: Urumqi; WUH: Wuhan; XIY: Xi’an; XMN: Xiamen; XNN: Xining.
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Table 2. Descriptive network statistics and tie changes between 2011 and 2017.
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Statistic

	
2011

	
2017






	
Number of airports

	
127

	
127




	
Density

	
0.048

	
0.069




	
Average degree

	
6.079

	
8.701




	
Existing ties

	
772

	
1105




	
Changes

	




	
Jaccard index

	
0.439




	
No tie: 0 → 0

	
14698




	
New tie: 0 → 1

	
532




	
Broken tie: 1 → 0

	
199




	
Maintained tie: 1 → 1

	
573
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Table 3. The changes of CATN based on airport hierarchy.
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Airport Hierarchy

	
Airport Number

	
Number of Routes Per Airport

	
Share of Number of Routes Per Airport




	
2011

	
2017

	
Change (%)

	
2011

	
2017

	
Change (%)






	
First Tier

	
3

	
63

	
66

	
4.8

	
40.2

	
34.1

	
−15.2




	
Second Tier

	
7

	
42

	
54

	
28.6

	
27.0

	
28.1

	
4.1




	
Third Tier

	
13

	
27

	
38

	
40.7

	
17.5

	
20.0

	
14.3




	
Fourth Tier

	
16

	
21

	
29

	
38.1

	
13.6

	
15.0

	
10.3




	
Fifth Tier

	
88

	
3

	
5

	
66.7

	
1.7

	
2.8

	
64.7




	
Total

	
127

	
156

	
193

	
23.7

	
100.0

	
100.0

	
0.0
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Table 4. The changes of CATN based on distance range.
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Distance Type (km)

	
Number of Routes

	
Share of Number of Routes




	
2011

	
2017

	
Change (%)

	
2011

	
2017

	
Change (%)






	
<=1000

	
330

	
408

	
23.6

	
42.7

	
36.9

	
−13.6




	
1001–2000

	
363

	
551

	
51.8

	
47.0

	
49.9

	
6.0




	
>2000

	
79

	
146

	
84.8

	
10.2

	
13.2

	
29.1




	
Total

	
772

	
1105

	
43.1

	
100.0

	
100.0

	
0.0
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Table 5. The changes of CATN based on low-cost carrier (LCC) and high-speed rail (HSR).
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Route Type

	
Number of Routes

	
Share of Number of Routes




	
2011

	
2017

	
Change (%)

	
2011

	
2017

	
Change (%)






	
Routes served only by LCC

	
2

	
0

	
−100.0

	
0.3

	
0.0

	
−100.0




	
Routes served only by HSR

	
310

	
764

	
146.5

	
40.2

	
69.1

	
72.2




	
Routes served by both LCC and HSR

	
36

	
107

	
197.2

	
4.7

	
9.7

	
107.7




	
Others

	
426

	
234

	
−45.1

	
55.2

	
21.2

	
−61.6




	
Total

	
772

	
1105

	
43.1

	
100.0

	
100.0

	
0.0
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Table 6. Simulation results.
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	Parameters
	Mode1
	Mode2
	Mode3
	Mode4
	Mode5
	Model6
	Mode7





	Rate parameter
	10.374 ***

(0.547)
	10.095 *** (0.532)
	10.039 *** (0.511)
	9.242 ***

(0.470)
	9.257 ***

(0.474)
	11.589 ***

(0.595)
	11.684 *** (0.604)



	Outdegree (density)
	−0.967 *** (0.233)
	−0.961 *** (0.156)
	−0.955 *** (0.216)
	−0.885 *** (0.255)
	−0.890 *** (0.258)
	0.407

(0.332)
	0.358

(0.349)



	Transitive triplets
	0.204 *** (0.065)
	0.209 ***

(0.039)
	0.212 ***

(0.068)
	0.255 ***

(0.081)
	0.255 ***

(0.062)
	0.054 ***

(0.019)
	0.054 ***

(0.020)



	Betweenness
	−0.102

(0.11)
	−0.092

(0.056)
	−0.086

(0.097)
	−0.096

(0.122)
	−0.096

(0.154)
	−0.272 ***

(0.049)
	−0.269 *** (0.053)



	NbrDist2
	−0.129 *

(0.075)
	−0.139 *** (0.036)
	−0.151 **

(0.074)
	−0.160 **

(0.080)
	−0.159

(0.108)
	−0.091 ***

(0.022)
	−0.092 *** (0.021)



	DistanceMedium
	
	−0.554 *

(0.332)
	−0.443

(0.305)
	−0.502

(0.349)
	−0.391

(0.371)
	−0.765 *

(0.450)
	−0.754 *

(0.419)



	DistanceLong
	
	−0.142

(0.497)
	−0.167

(0.635)
	−0.606

(0.696)
	−0.552

(0.587)
	−1.604 **

(0.740)
	−1.605 **

(0.695)



	LCC
	
	
	−1.550 *** (0.438)
	−1.522 *** (0.568)
	−2.395 *** (0.857)
	−3.523 ***

(0.818)
	−3.388 ***

(0.947)



	HSRBothEnds
	
	
	
	−1.362 *** (0.349)
	−1.512 ** (0.641)
	−3.457 ***

(1.032)
	−3.165 *** (0.739)



	LCC*HSRBothEnds
	
	
	
	
	1.388

(0.855)
	2.169 *

(1.117)
	2.139 **

(0.975)



	FirstTier ego
	
	
	
	
	
	5.226 ***

(1.297)
	5.190 ***

(1.226)



	SecondTier ego
	
	
	
	
	
	6.968 ***

(1.505)
	6.797 ***

(1.616)



	ThirdTier ego
	
	
	
	
	
	5.154 ***

(0.984)
	5.050 ***

(1.061)



	FourthTier ego
	
	
	
	
	
	3.871 ***

(0.769)
	3.720 ***

(0.708)



	GrowingAirports ego
	
	
	
	
	
	
	0.508 *

(0.269)



	EmergingIntegratedNodes ego
	
	
	
	
	
	
	0.158

(0.167)



	Score-type tests
	
	4.600 *

df = 2
	15.797 ***

df = 1
	12.490 ***

df = 1
	1.303

df = 1
	4076.540 *** df = 4
	5.059 *

df = 2



	Wald-type tests
	
	4.011

df = 2
	8.055 ***

df = 1
	13.413 ***

df = 1
	1.726

df = 1
	31.737 ***

df = 4
	5.000 *

df = 2



	Overall maximum convergence ratio
	
	0.126
	0.105
	0.071
	0.115
	0.150
	0.170







Notes: Standard errors are within parentheses. ***   p < 0.01  , **   p < 0.05  , *   p < 0.10  .
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Table 7. Number of routes linked with Spring Airlines’ focus cities (2011 and 2017).






Table 7. Number of routes linked with Spring Airlines’ focus cities (2011 and 2017).





	Airport Code
	2011
	2017
	Difference





	SJW
	7
	25
	18



	PVG
	7
	19
	12



	LHW
	0
	9
	9



	CGQ
	0
	9
	9



	SHE
	6
	14
	8



	NGB
	0
	6
	6



	SHA
	16
	21
	5



	BHY
	0
	4
	4



	Total
	38
	107
	69







Note: BHY: Beihai; CGQ: Changchun; LHW: Lanzhou; NGB: Ningbo; PVG: Shanghai Pudong; SHA: Shanghai Hongqiao; SHE: Shenyang; SJW: Shijiazhuang.
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