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Abstract: With the rapid development of Information and Communications Technology (ICT) and
transportation infrastructure, the flows of people between cities have become the cornerstone of
shaping regional integration. Although research studies about the movement of people have aroused
widespread interest in academia, research about the temporal and spatial dynamics of daily mobility
between cities is sparse, which is called the temporal heterogeneity of mobility between cities. This
research aims to study the temporal and spatial changes (Heterogeneity) of population mobility
between cities, using big data obtained through China Unicom, in terms of mapping the spatial
network of population mobility and complex network analysis, from which the following findings
emerge: (1) On weekends, the gap between cities in the number of floating population flow and the
capacity of transferring population has become smaller, indicating that there is better coordination
between cities on weekends. (2) There are huge differences in population flow between cities, which
reflects the imbalance of urban development, population is more concentrated in cities with higher
level of development. (3) The heterogeneity of population flow between cities at weekdays and
weekends is closely related to the city’s hierarchy, which can help us study the hierarchical structure
of China’s cities from a dynamic perspective. The paper emphasizes the importance of researching
heterogeneity issues, clarifies the difference between the heterogeneity of weekdays and weekends
and the heterogeneity involved in previous population research fields in terms of population flow
and deficiencies in research.

Keywords: big data; population mobility; weekdays; weekends; diversity; China

1. Introduction

Since the reform and opening up in 1978, population mobility between cities is one
of the largest and most influential geographical processes in China [1,2]. Population
mobility [3] is considered as the re-allocation of production factors in space; the mobility
of population in a specific space promotes the reaggregation and diffusion of social and
economic factors, thus reshaping patterns of population distribution [4]. The spatial
patterns of population movements reflect the relationship between cities and constitutes
important traffic demands between cities [5–7]. For a country with a large land area,
such as China, analyzing the pattern of population mobility is of great significance for
understanding economic and social development.

Traditional human mobility/population flow research has been conducted primarily
based on static data, such as census data or statistical yearbooks, which are unable to
dynamically capture the spatial patterns of rapid mobility and urban development in
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real time and thus cannot directly and accurately reflect the directions and patterns of
population flow. Many scholars have researched population mobility based on big data
with location information, which has the benefit of high accuracy and large sample size [8].
Among them, Gariazzo and Pelliccioni analyzed the spatial characteristic and patterns of
human movement [9], and Lee et al. compared urban characteristics using mobile phone
data [10]. That means, research on human mobility rarely pays attention to the temporal
heterogeneity of human movement. In other words, different travel behaviors tend to
occur in different periods and are linked with spatial-temporal changes, leading to the
geographical diversity of mobility between cities. Investigating spatial and temporal pat-
terns is one of the foundations to understand mobility [11]. Population mobility occurring
at different times may represent different spatial structures. For example, population
movements during the weekday, weekend, and national holidays reflect different patterns
of population movement and may exhibit different dynamic characteristics and patterns of
movement. To put it another way, the geographical distribution of population movement
between cities is greatly affected by the time dimension of migration, while the role of time
variation has been neglected in previous studies. Studies about temporal heterogeneity of
population mobility may focus more on specific holidays, such as the Spring Festival (the
large-scale population movement before and after the Spring Festival in China has formed
the phenomenon of social behavior with remarkable regularity, high concentration and
uniformity during the Spring Festival) and the ‘Golden Week’ of May [12,13]. There has
been little research on the heterogeneity of population movements governing the weekday
and weekend.

In this study, mobile phone signaling big data from China Unicom, one of China’s
three major operators, were used to investigate the temporal and spatial characteristics
and heterogeneity of population flow during weekdays and weekends in China. Such big
data have some apparent advantages compared with other data sources, First, the data is
relatively comprehensive, including population mobility at large scale. Second, the data
has strong continuity, and its accuracy can reach the personal level. Therefore, the results
of data analysis are more reliable.

In addition, when studying the characteristics of population flow between cities, we
often regard cities as network nodes and use the population flow between two cities as
the edge weight of network nodes. Therefore, complex network theory can be used to
study such data [3,14], and it can accurately represent the relationship between network
nodes from different angles, evaluate the results of network nodes,. and provide sufficient
technical support for a quantitative analysis of population mobility.

This paper aims to explore temporal heterogeneity by comparing the difference in
human mobility patterns between weekday and weekend. To this end, we obtained
the population daily mobility data between 36 cities and more than 300 prefecture-level
cities in China during the weekday and weekend from the big data of China Unicom,
and we applied network analysis methods to conduct this study. The significance of
this paper lies in the following aspects: First, we use big data of location instead of
traditional static statistics to ensure the timeliness of the data. Second, we examined the
hierarchical structure of Chinese cities from the perspective of population flow through
two centrality indicators: Degree and Betweenness. In addition, we observe the 20% of
cities accommodate nearly 80% of population flows from the Pareto distribution of two
metrics. Third, this paper indicates the disproportionate ratio of city’s centrality was more
striking on weekends than on weekdays. Fourth, the metric of network diversity was
adopted to examine the extent of imbalanced population flows between cities, and the
heterogeneity of urban network diversity on weekdays and weekends is closely related
to the city’s hierarchy, which can help us study the hierarchical structure of Chinese cities
from a dynamic perspective. For a more comprehensive investigation of the heterogeneous
population, we compared the weekday-weekend differences using the above-mentioned
centrality metrics derived from the population mobility network. The followed contents
organized as follows: Section 2 focusing on the complex network analysis method and
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explains the selection of data and indicators; Section 3 studies the spatial characteristics
and differences of human mobility of 36 cities on weekdays and weekends; the conclusion
and discussion will be drawn out in the fourth and fifth parts.

2. Data and Methods
2.1. Data

According to the data from the Telecommunications industry, released by the Ministry
of Industry and Information Technology, as of the end of 2018, the total number of mobile
phone users nationwide reached 1.57 billion, with an average of 1.12 mobile phone cards per
capita. Second, mobile phone data is real-time and more continuously record the temporal
and spatial changes of residents’ activities. Whether it is active or passive behavior, it will
leave a record in the operator’s network. Third, the mobile phone data collection cost is low,
and it is easy to collect data continuously for multiple days. after long-term observation
and analysis, we can dig out the general characteristics and activity patterns of residents’
multi-day behavior. Fourth, the respondent cannot intervene in the real-time collection of
mobile phones signaling data, and the data is more objective and effective. LBS services
are currently provided by current large-scale Internet companies in China, such as Baidu,
Tencent, Amap, and others. The data used in this study comes from China Unicom, one
of the three major operators. Its main features are: (1) It provides the records of 36 major
cities with prefecture-level cities as the main unit and moving in and out daily, (2) and it
identifies data on population movement based on 3 single modes of transportation: road,
rail, air, or the combination of 3 modes. It should be noted that China Unicom provides an
absolute number of inter-city traffic, not a relative value.

China Unicom phone signaling big data collection period is 8 weeks in total, excluding
the Spring Festival and November weekends, and one usual week is selected every two
months; the data are as follows: 8–14 January 2018, 15–21 February 2018, 2–8 April 2018,
20–26 June 2018, 4–10 August 2018, 3–9 September 2018, 1–7 October 2018, 10–16 December
2018. China Unicom phone signaling big data is obtained through data cleaning and
sample expansion. Compared with other data sources (Statistical data, data from internet
companies and other operators), the correlation coefficient is 0.9, indicating that the data
has strong availability and can reflect the overall characteristics of population flow in
China. After collecting, cleaning, and processing, we obtain the average daily population
flow data of 36 major cities on weekdays and weekends, but the Taiwan Province, Hong
Kong Special Administrative Region, and Macao Special Administrative Region were not
included because of the lack of data.

We consider each city as a network node, and, if OD records exist between cities, these
two cities are in “Connected” state, and their population flows are regarded as the weights
of connected edges. Based on the above data, this paper constructs population mobility
network between 36 major cities and 298 cities. The analysis finds that the average daily
population flow in 36 major cities during weekends increases by 28.5% compared with the
total weekdays (Table 1), and mainly shows the characteristics of the core city as the hub to
the surrounding cities.

Table 1. Descriptive statistics of population flow network at weekdays and weekends.

Periods Numbers of
Nodes

Total Flow
Value Average Maximum Minimum

Weekdays 337 5107191 535 221761 1
Weekends 337 6563026 687 228448 1

2.2. Methods

Starting with Watts and Strongatzs study of small-world networks and Barabasi
and Albert’s study of scale-free networks [3,14], complex networks have been studied in
various fields, such as biological networks [15], social relations networks [16], aviation
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networks [17], economic fields [18], etc. Distinct from simple or regular network, complex
networks often times exhibit a great heterogeneity regarding their centrality metrics, such
as degree and betweenness [19,20]. Such a heterogeneity can be well-gauged by Parentian
statistics, or power law distribution in particular. In this study, we make use of the
built population flow network and calculate three metrics, i.e., degree, betweenness, and
diversity, to assess how important of each node is in the network. Next, we conduct the
power law examination on those metrics. The comparison between power law metrics
on weekdays and weekends help us explore the temporal characteristics of China’s urban
population mobility network.

2.2.1. Metrics for the Network

(1) Degree centrality

In order to reveal the centrality of cities in the network, degree centrality indicators
are selected in this paper. Degree centrality indicates the absolute strength of city in the
network; the larger its value, the higher the absolute strength of the city in network [21]. In
weighted networks, traditional method of calculating the degree centrality CD(i) of node i
is defined as:

CD(i) = ∑
j∈V

wij (1)

where V is the set of nodes in a network, and wij is the weight of the edge from node i to
node j.

(2) Betweenness centrality

Betweenness centrality is a structural location indicator that can measure the influence
and control of a city in interactions with other cities in the population mobility network.
The betweenness of inference is used to measure the frequency of the shortest path of a
certain node in the network, which is also called the betweenness centrality [22]. City-node
acts as a bridge connecting other node cities. Objects with higher intermediate properties
are more important in the network and have better controllability to other nodes. The
betweenness centrality Bi of city i is given by:

Bi = ∑
s,t∈v

δst(s, t|i)
δ(s, t)

(2)

where δ(s, t) is the number of shortest paths between city-node pair (s, t), and δst(s, t|i) is
the number of all shortest paths passing city-node i.

(3) Network Diversity

An important aspect of the mobility of a city is the diversification of the city and
the destination of people [23]. Nathan Eagle et al. used Shannon entropy to quantify
the topological diversity of networks and measure the social and spatial diversity of
communication ties in personal social networks [24]. This paper builds on this to apply it
to population mobility and evaluate the diversity of cities in population mobility network.
Network Diversity D(i)’s calculation formulas are shown in Formula (4):

pij =
Vij

k
∑

j=1
Vij

(3)

D(i) =

−
n
∑

j=1
pij log (popij)

log(n)
(4)

where n is the number of cities connected to city i, and popij is the proportion of population
flow between i and j. Vij is the size of population flow between city i and j, and it is
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normalized by the log of the number of cities n has visited. Network diversity scores is
high when a city’s population migration between other cities is more even.

2.2.2. Power Law Examination of City-Related Metrics

City-related statistics often exhibit a power-law distribution. A power law distribution
denotes the probabilities of a value (Y) being proportional to some power of a quantity
(X). To examine a power law, one can simply take logarithm scale on both axes to check
if the distribution appears as a straight line. Note that the distribution line after taking
logarithms of real-world data is often not entirely straight, but they still hold long-tailed
characteristics.

The most prominent example of power-law-distributed city-related statistics is city
size. Prior studies have shown that, in many countries, city size is reciprocal to its rank,
namely the Zipf’s law [25–27]. The power law exponent of a Zipf distribution is equal to 1.
For instance, if we rank all cities from the largest to the smallest (rank-size model), the size
of the largest city is 1, then the second largest is 1/2, the third largest is 1/3, and so on. Such
a statistical regularity can be formulated as:

Pi = P1 × R−1
i (5)

where Pi denotes the size of ith city, and Ri is the ith rank of that city.
However, although Zipf’s law can be detected across many different countries or

regions, it is hard to spot the statistical difference of city sizes from one country/region to
another. In other words, the exponents being Zipf distribution only deviate slightly from 1,
leading to little meaningful comparison from a statistical perspective. In order to formulate
a more nuanced understanding between network metrics on weekdays and weekends,
this study borrowed the idea of a rank cumulative size model [28], stated by the following
equation:

Si = β× Ln(Ni) + S1, (6)

where Si denotes the summed value of city sizes from 1st rank to ith rank, and β is the
exponent of accumulated city sizes at ith rank. This way, β characterizes the growth of city
sizes and, thereby, becomes more sensitive than the exponent of the rank-size counterpart.
The higher the value of β, the smaller the relative gap in city sizes between cities.

Power law also refers to the Pareto distribution. As is well-known, within a Pareto
distribution, there are always many small values while very few larges, of which the
imbalanced ratio between smalls and larges is often termed as the 80/20 rule or Pareto
Principle [29,30]. Therefore, we can derive the inherent hierarchy of cities upon the 80/20
partition (Figure 1). To do this, we recursively classify the average daily population flow
between cities: first level accounts for 80% of the total population mobility, second level is
to occupy 80% of the total amount of the remaining 20% population flow network, and the
process continues until no data is left.
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Figure 1. Map of population flow network between weekdays and weekends at the country level. (a) Weekdays; (b) Week-
days (First Rank); (c) Weekends; (d) Weekends (First Rank).

3. Results
3.1. Structural Properties of the 36 Cities on Weekdays and Weekends

Overall, the population flow network exhibits a very heterogenous pattern. If we look
at cities on the two sides of Hu huanyong Line (internationally, the Hu line is an imaginary
line that divides the area of China into two roughly equal parts with contrasting population
densities), as Figure 1 shows, the amount of the flows distributed quite unevenly from
west to east. For network analysis, we started by calculating the degree of daily national
population flow network on weekdays and weekends. The average weighted degrees
were 13,756 and 18,076 on weekdays and weekends, respectively, and the number of
cities connected between the two different periods is almost the same, indicating that
there is more population flow on weekends than weekdays. Population flow networks on
weekdays and weekends are shown in Figure 1, and general spatial characteristics can be
obtained. The networks of weekdays and weekends had a similar spatial characteristic,
this is, 80% of the population flow is mainly concentrated in the east of Hu huanyong
Line (Figure 1b,d). Compared with the traditional natural break point method (McMaster,
1997), the 20/80 classification can better reflect the hierarchical structure and imbalance of
population flow. Figure 2 presents a more in-depth investigation for the degree variation
on weekdays and weekends. Compared with workdays, CD(i) of Lhasa, Guangzhou
decreased significantly, while CD(i) of other cities increased significantly, transportation
hub cities and tourist cities, such as Zhengzhou, Jinan, Taiyuan, Wuhan, and Qingdao,
have increased the most.
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Next, we computed the betweenness centrality of each city to assess how big a role it
plays as a bridge at the national level. As shown in Figure 3, we used the natural break
method to classify the betweenness metrics of city-nodes. Comparing them on weekdays
and weekends, we found that betweenness and degree show a positive correlation. Namely,
cities with high betweenness centrality tend to have a high degree, too. Spatially, they were
concentrated in the diamond-shaped region formed by Beijing, Shanghai, Guangzhou,
Shenzhen, and Chengdu. By contrast, the betweenness centrality of Lhasa is 0 on both
weekdays and weekends, indicating that Lhasa, probably due to its marginal geographical
position, has little chance to become a hub for flows between cities.
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In addition, we mapped the change of betweenness centrality of 36 cities from week-
days to weekends and found that betweenness centrality of 19 cities, whose tourism are
highly developed, were increased. However, there were 15 cities with a decreased between-
ness centrality, most of which were coastal cities or located in the southwestern area. It
should be noted that two ‘First-Tier’ cities (First-tier cities are metropolises important to
China’s political, economic, and social activities, and have leading roles [31]; (Appendix A,
Table A1), Beijing and Shenzhen, were also with decreased betweenness centralities but
meantime with increased CD(i) (Figure 2), indicating that its population flow was mainly
from its neighboring cities in weekends. More interestingly, Wuhan was ranked 4th re-
garding the absolute change of CD and 1st in betweenness centrality from weekdays to
weekends (Figures 2 and 3). This confirmed the central hub role of Wuhan played in the
population flow network at the country level. It could be further conjectured that, if the
Covid-19 outbreak had occurred during weekends, the pandemic situation would be more
severe than had it occurred during weekdays, which is also consistent with the conclusions
of other studies [32].

We further examined the statistical distribution of both metrics for major 36 cities. As
Figure 4 shows, we found that they were Power-law-distributed, with R square values
were above 0.6, indicating that the constructed networks were scale-free. Moreover, the
exponent value of each plot was close to 1, in which the value was slightly smaller than 1
for degrees, while slightly larger than 1 for betweennesses. These power law fitting metrics
strongly suggested the Zipf ’s behavior of population flow among cities. We also made a
comparison of the power law distributions of network metrics between weekdays and
weekends. As a result, the exponent values appeared to have no much differences (around
1; Figure 4). In this case, we compared the exponents of the rank cumulative size model
(β) to check the differences from the perspective of their cumulative growth. It appears
that β values for both network metrics on weekends were considerably larger than those in
weekdays, wherein β value for degree in weekends was even nearly twice that in weekdays.
This result implies the disproportionate ratio of the city’s centrality was more striking on
weekends than on weekdays.
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3.2. The Diversity of the Population Flows across 36 Cities

The heterogeneity of population flow network can also be seen from the angle of
city-city connection, namely edges of the built network. In this study, each weighted edge
reflects the strength of flow between each pair of cities. We conducted the power law
detection again on the number of flows on each edge. From the log-log plot in Figure 5, it
can be observed that flows between cities, both in weekdays and weekends, followed power
law distribution with the exponents 2.12 and 2.20, respectively, indicating an unbalanced
movement pattern between cities; that is, the majority of human movements concentrated
on only a few cities. Moreover, the smaller the exponent of power law distribution is, the
more obvious the thick tail shows.
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With the unbalance movements in terms of the amount of flow between cities, it was
intriguing to measure the diversity score for each city. The diversity score of each city,
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hereby, quantifies how different the movement flows associated with this city. As the score
is rooted from Shannon entropy, the smaller the absolute value (ranges in [0,1]) is, the
higher diversity the scope implies. High diversity score refers to the amount that flows
distribute more unevenly from this city to other cities. For visualization purposes, we used
1- diversity to show the results in order to make sure that values increase from lower left to
upper right. Figure 6 shows the correlation of network diversity of the above-mentioned
major cities for weekdays and weekends (except Lhasa). Individual cities were plotted with
their diversity scores on weekdays (X-axis) and weekends (Y-axis), respectively. Overall,
the correlation between diversity scores on weekdays and weekends was not linear but
best-fitted using a second-order polynomial function with a R2 square value of 0.64, from
which we split the fitting curve at the tangent point into two subsets: a positive linear
correlation (with R2 square value 0.83) and a negative one (0.48).
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We further divided the plot into four quadrants (i.e., upper right, upper left, lower
right, and lower left) for clearer description of the results, by centering on the point with
mean values of diversity values along two axes. It is very interesting to note that the mean
value for either weekdays or weekends identifies the unbalanced ratio of the diversity
scores (e.g., about 30/70 on weekends and 40/60 on weekdays) rather than balanced ones
(e.g., 50/50). The more unbalanced division of the flow diversity on weekends is also in line
with the result in Figure 3, wherein the slope of the cumulative growth for city structural
properties is steeper on weekends than the one on weekdays. To be specific on the results
in four quadrants, cities in the upper right quadrant were both diverse in their in/out flows
on weekdays and weekends, including the Chin’s four “First-Tier” cities (Beijing, Shanghai,
Guangzhou, and Shenzhen) and highly-developed “New First-Tier” cities, such as Xi’an
and Chengdu; cities in the upper left quadrant were with above-average diversity on
weekends but below-average diversity on weekdays, and all of them were well-developed
New First -tier cities in China; only a few cities were located in the lower right quadrant,
implying relatively high diversity on weekdays but low on weekends. Urumqi and Haikou,
almost in the lower right corner of the plot, are also near the northwestern and southeastern
periphery of mainland China; cities in the lower left quadrant were with low levels of
diversity on both weekdays and weekends and were mostly from the less-developed
Western China. In sum, the correlation of the diverse measures of flows between cities on
weekdays and weekends has the potential for classifying the importance of cities, as such
a quadrant division explicitly reflects the relationship between the hierarchy of Chinese
administrative cities and the pattern of their population flows.
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4. Discussion

Human mobility reflects, to a large degree, the social-economic development of a
region or country. In this study, we focus on the heterogenous people movements from
city to city based on the mobile big data and employ complex-network modeling on the
movement flows. The heterogeneity of the network is then measured from the lens of
its nodes (cities) and edges (movement flows between cities), respectively. The obtained
results have presented, both visually and statistically, that both aspects of the population
movements in China hold a great heterogeneity on either weekdays or weekends. In this
section, we add further discussion on the findings.

By comparing the heterogenous movements between weekdays and weekends, this
study set a clear distinction from traditional studies that mainly based on the measure-
ment of difference depends on the comparison of data to explore the driving factors of
this difference, and focused on holidays, such as the Spring Festival [31,33]. However,
based on the network diversity index, this paper describes the overall characteristics of
urban population mobility and explores the differences between weekday and weekend
population mobility. It not only highlights the differences of the movement flows from one
single city to other cities but also emphasizes the relationship between population mobility
and urban hierarchy, which is helpful to open up new research approaches and enrich
relevant researches.

Heterogeneity in this study also refers to the unbalanced spatial distribution of move-
ment flows. From the above analysis, it can be seen that the population flow is more
concentrated in the east and tends to be in developed cities. The Hu huanyong line still
controls the intercity population flow, and the central status of western provincial cap-
itals is far lower than that of eastern cities, which is consistent with the study of Wei
et al. [34]. Moreover, linking to the differences of the unbalance movements on weekdays
and weekends, this study has the following implications.

The weekend has a huge impact on population mobility [35]. The ranking-cumulative
scale model shows that the β value of CD(i) and Betweenness centrality increase on week-
ends, which means that the relative gap between the scale of cities population flow and
the transfer capacity is smaller, and the ability of coordinated development among cities is
stronger.

The reason why the population flow varies greatly from one city to another could also
be related to the city’s own development. To date, the status quos of current developments
of China’s cities, even in those selected 36 major cities, are with great disparity. The
driving factors on the amount of population flow coming in/out a city includes not only
its geographical distance to other cities but also its own economic development decision,
its surrounding tourism resources and others, such as traffic status [33,34]. Because of the
data limitation, it is impossible to define the travel mode of the daily population flow. This
warrants the further study by incorporating the influence of the road, railway, and air on
the population flow in China.

This paper concludes that the characteristics and heterogeneity of population flow
during weekdays and weekends. From the diversity of cities, we find that the correlation of
the diverse measures of flows between cities on weekdays and weekends has the potential
for classifying the importance of cities, and it can be seen that the diverse measures of
China’s First-Tier cities is high on weekdays and weekends. In addition, some New
First -Tier cities (such as Chengdu, Xi’an) have similar characteristics and show great
development potential, and those cities may be prioritized during the development process
of China’s urbanization.

Ultimately, there are still some deficiencies in this study. Although the data of China
Unicom comes from hundreds of millions of samples, it still has some defects, such as bias
and poor accuracy, and most of the travel routes may be disassembled to determine the
complete travel routes of users. In addition, in order to protect the privacy of users, the data
will not show the social attributes (occupation, gender, age) of the floating population, so its
purpose and duration of stay are not known. The dynamic mechanism driving the change of
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population mobility during weekends may be related to the functional orientation of cities
and the travel demand of people; due to the limitation of the length of this paper, we do not
have an in-depth discussion on this, which will be further supplemented in the future.

5. Conclusions

Population flow between cities is an important aspect of urban system research, and
an important carrier for the flow of various elements in the urban network. This paper
uses the big data of China Unicom to establish the population flow network and studies
the difference and heterogeneity of population flow in 36 major cities on weekdays and
weekends from the perspectives of nodes and edges of the complex network, drawing the
following conclusions.

First, China’s population flow network is generally highly imbalanced, and the spatial
distribution pattern of population flow is “Dense in the east and Sparse in the west”. The
population flow is more concentrated in the east, especially in cities with higher level of
development; Cities with high centrality are mainly concentrated in the east and coastal
areas, and the centrality of western cities is much lower than eastern cities. In addition,
there are huge differences in population flow between cities, and this difference reflects the
imbalance of urban development. It is speculated that this difference may continue to run
through China’s rapid urbanization development process.

Secondly, the heterogeneity of urban network diversity on weekdays and weekends is
closely related to the city’s hierarchy, which can help us study the hierarchical structure of
Chinese cities from a dynamic perspective. In addition, based on the diversity of urban
networks, we find that urban population flow meets the first law of geography, and the
population flows more frequently with surrounding cities, showing spatial agglomeration
and forming local subsystems easily. Therefore, a highly centralized city can provide
greater development space and opportunities for the surrounding cities and can promote
the surrounding areas by promoting the development of the city.
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Appendix A

Table A1. Ranking of cities’ business attractiveness in China 2020.

Rank City

First-tier cities Beijing, Shanghai, Guangzhou, Shenzhen
Beijing, Shanghai, Guangzhou, Shenzhen

New First-tier cities Changsha, Chengdu, Tianjin, Shenyang, Wuhan, Xi’an, Qingdao,
Chungqing, Nanjing, Hangzhou, Zhengzhou, Hefei

Second-tier cities Lanzhou, Jinan, Guiyang, Xiamen, Nanning, Kunming, Taiyuan,
Shijiazhuang, Ningbo, Harbin, Nanchang, Dalian, Fuzhou, Changchun

Third-Tier City Yinchuan, Haikou, Hohehot, Urumqi
Fourth-Tier City Xining
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