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Abstract This paper explores the influence of the

real-world urban attributes on the information flow

among cities. UCINET was used to analyze the

evolution of the spatial structure of information flow

(SSIF). The Geodetector is applied to identify the

spatial stratified correlation between the SSIF and

urban attributes. The authors choose indicators such as

economy, scale and facilities as background indica-

tors. Furthermore, based on the textual categorization

of the Baidu urban demand map, we selected the

factors that people search more frequently as the direct

factors. We conduct empirical analysis with the

middle reaches of the Yangtze River urban agglom-

eration (MYUA) as a typical case. Our results show

that the gap between cities is gradually decreasing in

the information flow space. In the initial stage, the

dominant factors affecting information flow network

are mostly background factors. With the development

of infrastructure and the increase in internet users, the

density of information network is gradually increas-

ing, and the structure of urban network tends to flatten.

Direct factors gradually become the dominant factor

affecting the evolution of network. The interactions of

multiple factors had a stronger impact on the infor-

mation network than individual factors.

Keywords Spatial evolution of information flow �
Geodetector � Baidu index � Urban agglomeration of

the Yangtze River middle reaches

Introduction

Ever since the 1990s, the rise of the internet has

created large volumes of complex and instantaneous

information flow between cities, urban agglomera-

tions, metropolitan regions, and global cities formed

rapidly, with intercity connections becoming more

networked. Since then, the concept, space of flows,

was proposed by Castells, whereas research in urban

systemmoved in the direction of networking (Castells,

1996, 2010; Taylor et al., 2010). Space of flow has

gradually become the main tool for researchers to

understand regional space (Batty, 2013; Hu et al.,
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2020). Research on the urban network in digital space

has gained attention (Devriendt et al., 2011; Wang &

Loo, 2019). The study of urban network promotes the

understanding of regional space. However, the role of

central place still exists, and the attribute differences

among cities constitute different hierarchies within the

region (Meijers, 2005; Zhen et al., 2019). The central

place and the space of flow jointly promote regional

development (Miller, 2004). Information flow among

cities is shaped by specific social, cultural, and

economic factors (Rutherford, 2011; Yu & Shaw,

2008). The attribute of cities in the real world affects

the information flow among cities. Exploring the

influence of urban attributes on urban connection is

helpful for further understanding of regional

development.

Thus, to expand knowledge of these issues, the aim

of this paper is to explore the influence of urban

attributes on the information flow among cities. To be

specific, four questions are to be discussed: (1) how to

reveal the evolution of the spatial structure of infor-

mation flow; (2) how to choose the urban attributes

that affect the information flow; (3) how to detect the

impact of urban attributes on information flow; (4)

how urban attributes affect the information flow

among cities. To solve these issues, we considering

the following aspects: (1) the data of the search engine

were used to reveal the evolution of the SSIF; (2)

based on the analysis of current studies and actual

content from the search engine, the authors established

the index system; (3) the Geodetector was introduced

to identify the spatial correlation between the SSIF and

urban attributes.

The remainder of this paper is organized as follows.

Section Literature review concentrates on the litera-

ture review. Section Methodology describes the study

area and data sources. Section Study area and data

sources introduces several network measures and

Geodetector and discusses how to build the index

system for factors affecting the MYUA’s information

network. Section Characteristics of the evolution of

the MYUA’s spatial structure of information flow

(SSIF) analyzes the evolution of the spatial structure

of information flow. Section Geo-detection of the

evolution of MYUA’s SSIF reports the Geo-detection

of the evolution of the spatial structure of information

flow. Section Conclusion and discussion discusses the

study and its implications for better understanding of

the influence of the real-world urban attributes on the

information flow among cities, and Sect. 7 concludes

and points to future work.

Literature review

In the information age, studies on information flow

have increased (Castells, 1996; Janc, 2015a; Tranos

et al., 2013). A stream of research has discussed the

representation of cities in digital space, especially the

visibility, image and flows among cities in the digital

space (Chen et al., 2017; Goodchild, 2007; Graham

et al., 2013; Janc, 2015b; Jiao et al., 2018; Yuan et al.,

2017; Zook & Graham, 2007). There are two

approaches used in the analysis of information flow

among cities (Devriendt et al., 2008). One assumes

that cyber relations between cities are determined by

physical infrastructure. The cyberplace approach

analyzes the digital intercity linkages via physical

infrastructure. The cyberspace approach analyzes the

digital intercity linkages through digital communica-

tion and information. It describes the transfer of

information and identifies the digital connections

among cities based on hyperlinks, e-mail traffic and

the structure of web browsers’ search results (Janc,

2015b). To reveal the digital intercity linkages, in this

article, the cyberspace approach is used. And social

network analysis is applied to analyze the spatial

structure of information flow.

Through editor/reporters’ and internet users’ expe-

rience, the user-created Web 2.0 digital space is

affected by physical space (GRAHAM, 2010;Wang&

Loo, 2019). Currently, the analysis of digital infor-

mation flow involves theoretical discussion (Kinsley,

2014; Leszczynski, 2015), qualitative analysis

(AlSayyad & Guvenc, 2015) and quantitative analysis

(Graham et al., 2014; Wang & Loo, 2019). Among

them, quantitative analysis is more subjective and

single to the selection of influence factors. And the

regression analysis is widely applied to measure the

correlation among variables. To overcome the sub-

jectivity and immeasurability of the constructed index

system, in this study, we choose indicators such as

economy, scale and facilities as background indica-

tors, which serve as the basis. Furthermore, actual

contents from the Baidu were used for in-depth

exploration and analysis. In this study, we use the

method Geodetector proposed by Wang (Wang et al.,

2010) to estimate the association between information
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flow among cities and the real-world urban attributes.

Compared to the regression analysis, the Geodetector

is capable of detecting spatial stratified heterogeneity,

revealing the driving factors behind it and identifying

interaction among influence factors (Wang & Xu,

2017). This method has been widely applied in health

risk assessment, housing price studies and earthquake

risk assessment (Hu et al., 2011; Huang et al., 2014;

Wang et al., 2010, 2017). The employment of

Geodetector could provide valuable insights into the

association between the real-world urban attributes

and information flow among cities.

Baidu, as a widely used search engine in China, has

become an important data source for studying cities

(Zhang et al., 2017; Zhen et al., 2015). Based on Baidu

index, a data sharing platform provided by Baidu, this

research contributes via the following aspects: first,

the evolution of spatial structure of information flow

and its relationship with place-based characteristics of

the city are discussed. Furthermore, we discuss the

influence of urban attributes on information flow.

Second, the Geodetector is applied to identify the

spatial stratified correlation between the real-world

urban attributes and digital connection between cities.

Third, based on the background indicators, such as

economy, scale and facilities, through the analysis of

the urban demand map, we also selected the factors

that people search more frequently as the direct

factors. Fourth, current research mainly focuses on

analyzing global cities and city systems within a

country (Devriendt et al., 2011; Wang & Loo, 2019).

The information network of urban agglomeration has

been relatively poorly analyzed. Thus, we conduct

empirical analysis with the middle reaches of the

Yangtze River urban agglomeration (MYUA) as a

typical case.

Methodology

This study used the social network analysis to study

the spatial evolution of information flow from the

perspectives of inflow and outflow. Textual catego-

rization of the urban demand map was also performed

to overcome the subjectivity and immeasurability of

the constructed index system of influencing factors.

Finally, Geodetector was used to analyze the spatial

variation of the factors affecting the spatial structure of

information flow (SSIF).

Metrics for the spatial structure of information

flow

Degree centrality

Degree centrality measures the amount of information

flow that a city generates from direct searches or being

searched; it comprises the in- and out-degrees (Gol-

beck, 2013). In-degree refers to the amount of

information that a city directly searches for about

other cities; the out-degree is the amount of informa-

tion that other cities directly search for about the

particular city. These are expressed using the follow-

ing formulas:

CDi inð Þ ¼ di inð Þ
k � 1

ð1Þ

CDi outð Þ ¼ di outð Þ
k � 1

ð2Þ

where k is the total number of urban nodes; CDi(in) and

CDi(out) represent the standardized in-degree and out-

degree of degree centrality, respectively; and di(in)

and di(out) are the number of nodes directly pointing

to the subject node and number of nodes that the

subject node is directly pointing to, respectively.

Closeness centrality

Closeness centrality measures whether a city is free

from the control of information of other cities and

refers to the proximity of a city to all other cities within

a network (Golbeck, 2013). The formula is as follows:

C�1
RPi ¼

Pk
i¼1 dij
k � 1

ð3Þ

where C�1
RPi is the standardized closeness centrality and

dij is the shortcut distance between nodes i and j.

Factor determination

SSIF is affected by certain social, cultural and

economic factors. Studies have shown that positive

correlations exist between urban scale, informatiza-

tion level, and core strength in the evolution of

information flow (Graham et al., 2015; Wang & Loo,

2019; Zhang et al., 2017). Since these three main

factors are the basic components of a city, they were

regarded as urban background factors in this study.
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While the internet is user-created and internet users’

focus in terms of information about the various cities is

diverse (GRAHAM, 2010; Kwan, 2001), using only

background factors can no longer fully explain the

evolution of the spatial pattern of information flow

within an urban agglomeration. So, in this study,

actual contents from the Baidu Index were used for the

in-depth exploration and analysis. This methodology

led to further construction of the direct factors

affecting the MYUA’s information flow space.

The aims of the direct factors were to reflect the

current situation in the development of the information

flow space between cities in the MYUA and under-

stand internet users’ focus in terms of information

about the various cities. The investigative process

involved ‘‘crawling’’ through the top 10 related

preceding and succeeding search terms for the urban

agglomeration’s 31 cities in the Baidu Index plat-

form’s demand map. A big data search was performed

using Natural Language Processing and Information

Retrieval (NLPIR), and sharing platforms were mined

to analyze 7440 related search terms. This approach

confirmed the types of information pertaining to the

various nodes in the MYUA’s information network

that could be searched for directly.

First, a word frequency statistical tool was used to

combine similar search terms and identify terms that

occurred frequently. Searches and verifications were

then conducted for related terms with low frequencies

of occurrence (previously, those terms with no signif-

icance were screened out). Next, a keyword extraction

tool was used to obtain the representative terms before

a textual classification tool was used for preliminary

categorizing them. Finally, these categories were

adjusted and refined based on phenomena and empir-

ical judgments to arrive at nine main categories of

detection factors, which included urban medical and

healthcare services, scientific and educational ser-

vices, and cultural services. Table 1 shows the index

system.

Studies on geo-detection of factors

The Geodetector is a method to detect spatial stratified

heterogeneity and reveal the driving factors behind it

(Wang & Xu, 2017; Wang et al., 2010). The basic

assumption behind the Geodetector is that if an

independent variable has a significant effect on a

dependent variable, the spatial distribution of the

independent variable and the dependent variable

should be similar (Cao et al., 2013; Wang & Hu,

2012; Wang et al., 2010). Based on the proxy analysis

and the spatial consistence analysis, the Geodetector is

used to explore the influence of physical factors on

SSIF. The Geodetector is composed of factor detector,

ecological detector, risk detector, and interaction

detector.

Factor detection

This approach probe the extent to which a factor X

explains the dependent variable Y. To be specific, this

method measures the intensity of impact that the

physical factors have on the spatial evolution of

information flow within an urban agglomeration. The

detection method is given follows:

q ¼ 1�
PL

h¼1 Nhr2h
Nr2

ð4Þ

where Nh is the number of type h samples in factor X,

n is the total number of samples in H (theMYUA), L is

the classification number of factor X, and r2 is the

discrete variance of the MYUA.

When factor X has a decisive effect on theMYUA’s

information network structure, the discrete variance of

each type will be small; however, the discrete variance

between types will be large. The value interval of q is

[0,1]: the larger the q value, the greater the impact that

factor X has on the spatial distribution of information

flow in the MYUA.

Ecological detection

This approach compares the impact of two physical

factors on the index distribution of the SSIF and

determines whether there is any significant difference.

It is measured in terms of the F test:

F ¼ NX1 NX2 � 1ð ÞSSWX1

NX2 NX1 � 1ð ÞSSWX2
ð5Þ

where NX1 and NX2 represent the sample sizes of

factors X1 and X2, respectively; and SSWX1 and

SSWX2 represent the sums of the intra-layer variances

formed by the X1 and X2 layers, respectively. The null

hypothesis is H0: SSWX1 = SSWX2. If H0 is rejected
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Table 1 Index system for factors affecting the MYUA’s information network

Dimension Detection factors Factor

symbol

Specific indicators

Background

factors

Urban equivalent scale X1 Per capita GDP

X2 Resident population

X3 Administrative level

Urban level of informatization X4 Number of international Internet users

X5 Number of mobile phone users

Urban core strength X6 GDP

X7 Value added by secondary industries

X8 Value added by tertiary industries

X9 General budgetary expenditure of the local

administration’s finances

X10 Deposit balance of financial institutions

Direct factors Urban ecological environment X11 Number of days for which air quality met the standard

requirements

X12 Total area of green spaces

X13 Green coverage within built-up areas

Urban geographic proximity X14 Bordering/neighboring cities

X15 Time cost of public roads

X16 Time cost of railways

Urban network communication level X17 Media index

X18 Number of major websites

Urban economic development

opportunities

X19 Average wage of employees

X20 Urban registered unemployment rate

X21 Total retail sales of social consumer goods

X22 Investments in fixed assets

Urban scientific and educational

services

X23 Educational expenditure(s)

X24 Number of students in general colleges and tertiary

institutions

X25 Number of students in secondary vocational and technical

institutes

X26 Value added from high-tech industries

X27 Number of patent applications

X28 Number of patents granted

Urban cultural services X29 Number of employees in cultural agencies

X30 Total book collection in public libraries

Urban medical and healthcare

services

X31 Number of beds in hospitals

X32 Number of doctors

Urban housing level X33 Real estate sales

X34 Area of real estate sold

X35 Per capita residential housing area

Urban tourism appeal X36 Income from domestic tourism

X37 Number of scenic spots evaluated as Grade 4A or above
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at the a significance level, there is a significant

difference between the impacts of X1 and X2 on the

spatial distribution of attribute Y.

Risk detection

This method determines whether a significant differ-

ence exists between the mean attribute values of two

sub-regions. The t test is used as shown as follows:

tyh¼1�yh¼2
¼ Yh¼1 � Yh¼2

Var Yh¼1ð Þ
nh¼1

þ Var Yh¼2ð Þ
nh¼2

� �1=2 ð6Þ

where Yh represents the mean attribute value of sub-

region h, nh is the sample size of sub-region h, and Var

represents the variance. The null hypothesis is H0:

Yh¼1 ¼ Yh¼2. A significant difference exists between

the mean attribute values of the two sub-regions if H0

is rejected at the a confidence level.

Interaction detection

Interaction detection is a quantitative characterization

of the relationship between the effects of two physical

factors on the SSIF within the MYUA. After compar-

ing the impacts of factors in layers A and B versus that

in layer C (formed by the superimposition of A and B),

it can be determined whether the impact of the two-

factor interaction effect and single-factor effect on the

network pattern of information flow has strengthened

or weakened.

The determining formulas are listed as follows:

• Nonlinear weakening: q(X1 \ X2)\Min(q(X1),

q(X2))

• Single-factor nonlinear weakening: Min(q(X1),

q(X2))\ q(X1 \ X2)\Max(q(X1) ? q(X2))

• Two-factor synergy: q(X1 \ X2)[Max(q(X1),

q(X2))

• Mutual independence: q(X1 \ X2) = q(X1)

? q(X2)

Fig. 1 Study area
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• Nonlinear strengthening: q(X1 \ X2)[
q(X1) ? q(X2)

Study area and data sources

Study area

The study area is the urban agglomeration of the

YRMR (26�030–32�370N, 110�150–1188290E), which
contains a total of 31 cities distributed across the

provinces of Hubei, Jiangxi, and Hunan, With a total

land area of approximately 317,000 square kilometers

(Fig. 1). The urban agglomeration encompasses three

sub-agglomerations, namely urban clusters around

Wuhan, the Changsha-Zhuzhou-Xiangtan city group,

and clusters around Poyang Lake. It is also the region

in central China with highly concentrated exchanges

of socioeconomic information, as well as the focal

region for implementing the ‘‘Strategy to Promote the

Rise of the Central Region’’ and new forms of

urbanization. The spatial stratified heterogeneity and

network structure make the YRMR urban agglomer-

ation a useful study area for determining the factors

affecting evolution of the spatial structure of infor-

mation flow.

Data sources

The trend module of the Baidu Index was used, with

the time range established as 2011–2017. Based on

keyword statistics, MYUA’s cities i and j were

respectively regarded as the keyword and region for

obtaining city j’s search index for city i. The index was

then used to construct a matrix for the intensity of the

MYUA’s information linkages. The basic data of the

search index were the volume of keyword searches

made by Internet users on the Baidu platform, and the

frequencies of keyword searches were weighted and

averaged.

The Baidu demand map/demand distribution was

analyzed to determine the direct factors affecting the

MYUA’s information flow network. Demand distri-

bution was obtained by comprehensively calculating

the degree of correlation between keywords and

related terms, as well as the search demand of the

related terms. Data of the index system for the

influencing factors were obtained from the China

Urban Statistical Yearbook 2011 and 2016 and the

statistical yearbooks for the various provinces.

Characteristics of the evolution of the MYUA’s

spatial structure of information flow (SSIF)

The mean of the Baidu Search Index between cities in

2011 and 2017 was used as the threshold value for

selecting effective information linkages. The matrix

for the intensity of information flowwithin theMYUA

was binarized before the ArcGIS software was used

for visualization. This process generated the network

structure map of MYUA’s information linkages in

2011 and 2017 (Fig. 2).

Fig. 2 Structure of the MYUA’s network of information linkages in 2011 and 2017
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The MYUA’s spatial structure of information flow

(SSIF) transformed from a loose structure of diver-

gence and single centers to the stable structure of a

polycentric network. There was a strengthening of

direct information linkages between cities, and the

inflow and outflow capacities of urban information

also increased significantly. The MYUA’s outflow-

oriented network had transformed into a balanced

network of information inflow and outflow.

As shown in Fig. 3, the degree centrality of the

various MYUA cities in 2011 was more out- than in-

degree. Information flow was highly concentrated in

the three provincial capital cities ofWuhan, Changsha,

and Nanchang. A loose structure radiating from those

three cities as the centers (especially with Wuhan as
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Fig. 3 Degree centrality of the MYUA’s urban nodes in a 2011 and b 2017
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the core) was formed. By 2017, the in- and out-degrees

of the MYUA’s various cities had improved signifi-

cantly. Apart from the three major provincial capital

cities, the various small- and medium-sized cities

gradually became more prominent in the information

flow space. At the same time, the in-degree of the

various cities increased, together with a significant

reduction in the gap between the in- and out-degrees.

The spatial consistency of the network was strength-

ened continuously, basically forming a stable SSIF in

the form of a network comprising triangular clusters

with net-like extensions.

The status of the MYUA’s small- and medium-

sized cities within the information flow space has

increased continuously, and the overall connectivity of

that space has become stronger. There has also been a

general increasing trend in the closeness centrality of

various cities (see Fig. 4). In 2011, the in-degree of

urban nodes of an equivalent grade was less than the

out-degree. By 2017, the respective internal gaps of
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the in- and out-degrees had diminished, as did the gap

between the two degrees. Smaller cities’ dependence

on larger cities for the information flow space

transformed to that of intercity circulation and the

sharing of information. Within the region, Wuhan,

Changsha, and Nanchang had always reigned supreme

in their communication connectivity capabilities, and

they continued to grow in strength. The increasing in-

degree of other cities such as Yichang, Jingdezhen,

and Xiangyang revealed that they had begun paying

more attention to other cities in order to obtain more

information. The significant increase in the out-

degrees of cities such as Yichun, Shangrao, Ji’an,

Jiujiang, and Fuzhou indicated that other cities had

become familiar with them and that their status in the

MYUA’s information flow space had risen.

Geo-detection of the evolution of MYUA’s SSIF

Factor detection using Geodetector

The natural breaking points method was used to

discretize the continuity factor values, whereas the

Geodetector was used to quantitatively analyze the

contribution of each factor to the spatial evolution of

the MYUA’s information flow. During the early

developmental stage of the information flow space,
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its spatial formation was predominantly driven by

urban background factors, especially urban core

strength. However, formation of the MYUA’s infor-

mation inflow and outflow networks was driven by the

urban informatization level and urban ability at

scientific and educational services, respectively.

In 2011, information searches among the MYUA’s

various cities were mainly based on their respective

urban core strength (see Fig. 5). This factor (espe-

cially the financial level) determined a city’s status in

the information flow space. The level of urban

informatization was an important background factor:

the higher the level of informatization, the greater the

city’s ability to disseminate, communicate, and

transfer urban information. Urban scientific and edu-

cational services were important ways to elevate the

quality of Internet users, having positive impacts on

their mastery and acquisition of information. The

higher the urban scientific and educational levels, the

greater the ability of urban Internet users to obtain

information, and correspondingly, the greater the

demand for information. This situation caused those

cities to become more active in the information flow

space, thereby facilitating the formation of the urban

information inflow network.

For theMYUA’s information flow, the stable spatial

structure in the form of a network comprising trian-

gular clusters with net-like extensions was influenced
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mostly by urban direct factors. The information

outflow network was affected predominantly by levels

of urban network communication and urban housing,

while the information inflow network was affected by

urban economic development opportunities and urban

core strength. Urban scientific and educational ser-

vices had a greater impact on direct information

linkages between cities, and urban economic

Table 2 Ecological detection results for the MYUA’s information outflow network structure in 2017

Response

variable

Dominant factor Number of

differing

factors

Differing factors

Degree

centrality/

Out-degree

Ability to provide scientific

and educational services

20 Equivalent scale, level of informatization, core strength, ecological

environment, geographic proximity

Network communication

level

14

Urban housing level 18

Economic development

opportunities

12

Closeness

centrality/

Out-degree

Network communication

level

16

Urban housing level 25 Equivalent scale, level of informatization, core strength, ecological

environment, geographic proximity, cultural services, medical

and healthcare services

Economic development

opportunities

17 Equivalent scale, level of informatization, core strength, ecological

environment, geographic proximity

Ability to provide scientific

and educational services

19

Table 3 Ecological detection results for the MYUA’s information inflow network structure in 2017

Response

variable

Dominant factor Number of

differing

factors

Differing factors

Degree

centrality/In-

degree

Economic development

opportunities

14 Equivalent scale, level of informatization, core strength, ecological

environment, geographic proximity

Core strength 6 Equivalent scale, economic development opportunities, network

communication level

Ability to provide scientific

and educational services

13 Equivalent scale, ecological environment, geographic proximity

Network communication

level

8 Equivalent scale, ecological environment, geographic proximity

Closeness

centrality/In-

degree

Economic development

opportunities

15 Equivalent scale, level of informatization, core strength, ecological

environment, geographic proximity, scientific and educational

services

Core strength 5 Equivalent scale, level of informatization, economic development

opportunities, network communication level

Network communication

level

10 Equivalent scale, level of informatization, core strength, ecological

environment, geographic proximity

Ability to provide scientific

and educational services

11 Equivalent scale, ecological environment, geographic proximity,

economic development opportunities
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development opportunities affected the extent of their

information exchanges and linkages.

The MYUA’s information network became fully

developed by 2017, causing discrepancies in q values

of the SSIF’s core factors to decrease continuously

(see Fig. 6). This result indicated that the spatial

development of theMYUA’s information flowwas the

result of interactions between multiple complex ele-

ments. The level of urban network communication

remained an important dominant factor.

A city establishes its own image and interprets

images of other cities through the online platform. The

core factor attracting the attention of Internet users has

always been media reports, which cities use to

disseminate their urban ideals. With further urbaniza-

tion and an increasing shortage of land resources,

urban housing has become a topic of considerable

concern for Internet users living in urban agglomer-

ations. The urban housing level has become the core

factor affecting the information dissemination net-

work of urban agglomerations. At the same time, this

factor also affects the ability of cities to control

information resources. With increasing labor mobility

and the prosperity of commercial developments, the

impact of urban economic development opportunities

on the centrality of information networks has strength-

ened significantly, especially in terms of its core

impact on urban information flow and linkage. In

contrast, the impact of urban core strength has

declined. With the narrowing of the gaps in core

strength between the various cities in an urban

agglomeration, the status and intermediary ability of

this factor to affect the information flow space has

diminished. Nevertheless, it still has an important

influence on the information inflow networks of urban

agglomerations (Figs. 7 and 8).

Table 4 Differential stratified combination number of dominant factors in 2017

Indicator Risk detection Partition of dominant factors

Information outflow

network/Out-degree

Degree

centrality

High-risk area Number of

major

websites

753–239

Real estate sales

10 m–30 m

Number of patent

applications

20 K–60 K

Differential stratified

combination number

0.70% 0.80% 0.90%

Closeness

centrality

High-risk area Number of

major

websites

753–239

Real estate sales

10 m–30 m

Total retail sales of

social consumer goods

20 m–60 m

Differential stratified

combination number

0.70% 0.80% 0.80%

Information inflow

network/In-degree

Degree

centrality

High-risk area Investments in

fixed assets

60 m–70 m

Value added by

secondary

industries

40 m–50 m

patent applications

20 K–40 K

Differential stratified

combination number

0.30% 0.50% 0.30%

Closeness

centrality

High-risk area Investments in

fixed assets

60 m–70 m

Value added by

secondary

industries

40 m–50 m

Number of major

websites

753–239

Differential stratified

combination number

0.30% 0.30% 0.20%
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Ecological detection using Geodetector

Ecological detection identifies the difference of

impacts between urban attributes (Tables 2 and 3).

The result appears to be significant at 95% confidence

level. There was no significant difference between the

impacts of the various dominant factors on the

information outflow network. Such factors determine

to a large extent the ability of cities to be searched.

Thus, there was a significant difference between the

impacts of the dominant and secondary factors on this

ability. There was no significant difference between

the effects of the dominant factors—the urban ability

of scientific and educational services, the level of

network communication, the urban housing level, and

urban economic development—on the information

outflow network, meaning that these factors have

similar characteristics in their impacts on theMYUA’s

outflow network structure. However, there were

significant differences between the effects of the

dominant factors versus the secondary factors such as

urban grade and scale, level of informatization, core

strength, ecological environment, and geographical

proximity.

In this study, it was discovered that definite

differences existed between the dominant factors

affecting the structure of the MYUA’s information

inflow network. Concurrently, there were gaps in the

number of divergent factors among the dominant

factors, such that the spatial distribution of the

dominant factors was different from that of the

MYUA’s information inflow network. Urban core

strength and economic development opportunities had

significantly different impacts on the distribution of

cities that share direct linkages of information. This

meant that fewer cities in the MYUA were simulta-

neously searching for information related to urban

core strength and economic development opportuni-

ties. A significant difference also existed between the

impacts of urban core strength and level of network

communication, with the former factor having an

Table 5 Detection of the MYUA’s centrality interaction effects in 2011

Dependent variable Dominant interacting factors q value Effects of interaction (strengthening)

Degree centrality/Out-degree X5 \ X11 0.9901 Nonlinear

X11 \ X18 0.9874 Two-factor

Degree centrality/In-degree X20 \ X21 0.9729 Nonlinear

X9 \ X20 0.9706 Nonlinear

Closeness centrality/Out-degree X11 \ X12 0.9765 Two-factor

X30 \ X35 0.9754 Nonlinear

Closeness centrality/In-degree X34 \ X35 0.9480 Two-factor

X17 \ X35 0.9427 Two-factor

Table 6 Detection of the MYUA’s centrality interaction effects in 2017

Dependent variable Dominant interacting factors q value Effects of interaction (strengthening)

Degree centrality/Out-degree X16 \ X22 0.9917 Two-factor

X16 \ X9 0.9879 Two-factor

Degree centrality/In-degree X16 \ X36 0.9913 Two-factor

X8 \ X27 0.9657 Two-factor

Closeness centrality/Out-degree X16 \ X22 0.9637 Two-factor

X10 \ X16 0.9935 Two-factor

Closeness centrality/In-degree X16 \ X36 0.9950 Two-factor

X10 \ X35 0.9698 Nonlinear
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important influence on intercity abilities regarding

information linkages.

Risk detection using Geodetector

Risk detection reveals response variable in strata

(Table 4). The result appears to be significant at 95%

confidence level. There is a significant difference

between the information inflow intensive area and the

information outflow intensive area in the MYUA’s

information flow network. For information outflow

network, the higher the urban housing level and the

urban scientific and educational services, the stronger

the information outflow. The relationship between

number of major websites and information outflow is

inverted U type. When the number of major websites

in the city is between 753 and 239, the information

outflow of the city is the strongest. For information

inflow network, there is a positive correlation between

the fixed asset investment and the added value of the

secondary industry, and the degree centrality of the

city, the closeness centrality. The impact on the degree

centrality distribution of the city is more significant.

The number of patent applications significantly affects

the status of cities in information flow networks.

Cities such as Wuhan, Changsha, Nanchang,

Yichang, Jingzhou, Zhuzhou, and Jiujiang, which

had more effective scientific and educational services,

producedmore information. Furthermore, they were in

central locations of the MYUA’s network space for

information flow. There was a positive correlation

between the level of urban network communication

and intercity information linkages. The three major

provincial capital cities and their surrounding cities

have many websites and a high level of information

network transmission. Correspondingly, they have

more information linkages with other cities.

Interaction detection using Geodetector

Interaction detection identifies the factors affecting the

spatial evolution of the MYUA’s information flow

(Tables 5 and 6). These were found to have nonlinear

and two-factor strengthening effects, meaning that the

interactions of multiple factors had greater impact than

individual factors on the MYUA’s SSIF.

A good ecological environment and high levels of

informatization and network communication at the

initial stages of the development of an urban

agglomeration can enhance information dissemination

and the intermediary communication abilities of cities

in the information flow space. Cities rely on the

ecological environment, especially ones with excel-

lent air quality, to develop leisure tourism. In the

process, these cities attract the attention of Internet

users and become bridges for information linkages

within the urban agglomeration. A strong urban core

strength will certainly bring about more economic

development opportunities, which in turn allow cities

to acquire more information. The housing level of

urban residents is of great concern to Internet users in

an urban agglomeration; a comfortable housing level

and promotion via the media network can narrow the

online distance between cities and other regions.

In the developmental stage of an urban agglomer-

ation’s network of information flow space, an excel-

lent transportation infrastructure (especially the

development of high-speed rail) facilitates closer

economic and cultural exchanges among its cities,

thereby enhancing intercity understanding. In real

world, cities with convenient transportation will have

more intense and in-depth contacts with other cities in

the urban agglomeration, which in turn affects the

former’s status in the network of information. The

MYUA’s information dissemination network in 2017

was formed mainly by the interactive effects between

the urban railway transportation system, urban center

strength, and economic development opportunities.

Convenient urban railway transportation enhances a

city’s attractiveness in terms of urban leisure tourism.

The mutual promotion and joint effects of transporta-

tion and tourism have made MYUA’s network of

information flow more complete.

Conclusion and discussion

Conclusion

The research subject of this study was the digital

intercity linkages of the MYUA in 2011 and 2017. The

social network analysis method was used to analyze

the evolution of the MYUA’s SSIF. Then, the index

system of influencing factors was constructed through

a textual analysis of the urban demand map. At the

same time, the analysis of the formation mechanism of

the MYUA’s network of information space was made
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using the geo-detection method. The conclusions

obtained were as follows:

With the continuous strengthening of information

linkages between the MYUA’s cities, networking of

the SSIF became a trend. From 2011 to 2017, the

MYUA’s information flow space developed from an

information outflow network toward a balance of

information inflow and outflow. In the information

flow space, the gap between large, medium and small

cities is gradually decreasing. This situation basically

led to the formation of a stable SSIF in the form of a

network comprising triangular clusters with net-like

extensions.

According to the factor detection, in the initial

developmental stage of the MYUA’s information flow

space, the dominant factors affecting its information

inflow and outflow networks were mostly background

factors. Urban core strength and the level of urban

informatization were the dominant factors affecting

the MYUA’s level of information inflow and outflow.

With the increasing complexity of MYUA’s informa-

tion flow space, direct factors played predominant

roles in the formation of the polycentric network’s

stable structure. However, there were major differ-

ences in the dominant factors that affected the

characteristics of the information flow space. For the

MYUA’s information outflow network, the number of

direct searches that its various cities had was mostly

affected by their abilities to provide urban scientific

and educational services and the level of network

communications. The degree of circulation of the

MYUA’s information generation network was

affected by levels of urban network communication

and urban housing. For the MYUA’s information

inflow network, urban economic development oppor-

tunities and urban core strength were the dominant

factors.

According to the ecological detection, there was no

significant difference between the dominant factors

affecting MYUA’s SSIF. These factors determined to

a large extent the ability of cities to be searched. There

were definite differences between the dominant fac-

tors affecting the structure of the MYUA’s informa-

tion inflow network. There were also differences in the

spatial distribution of the various dominant factors, as

well as that of the MYUA’s information inflow

network.

According to the risk detection, there was a

significant difference between the information inflow

intensive area and the information outflow intensive

area in the MYUA’s information flow network. For

information outflow network, the urban housing level

and the urban scientific and educational services were

positively related to the information outflow. The

relationship between number of major websites and

information outflow is inverted U type. For informa-

tion inflow network, there is a positive correlation

between the fixed asset investment and the added

value of the secondary industry, and the degree

centrality of the city, the closeness centrality.

According to the interaction detection, the interac-

tive coupling between the various influencing factors

determined the evolution of the MYUA’s information

flow space. Interactions between the various factors

affecting the MYUA’s SSIF led to nonlinear and two-

factor strengthening effects, indicating that the inter-

actions of multiple factors had a stronger impact on the

MYUA’s information flow space than individual

factors.

Discussion

Our findings reveal the influence of urban attributes on

information flow at different developmental stage and

contribute to a more physical based understanding of

information flow. In the initial developmental stage of

information network, the dominant factors affecting

information flow network are mostly background

factors. In other words, wealthy and well-connected

places tend to have more locally produced user-

generated information; thus, the production of infor-

mation has been spatially clustered and uneven

(Ballatore et al., 2017; Graham et al., 2014, 2015).

With the development of infrastructure (both internet

infrastructure and transport infrastructure) and the

increase in internet users, the interaction among cities

and the density of information network are gradually

increasing. The networked development of urban

agglomeration promotes the coordinated development

of region. In this context, people from different cities

are further integrated into the information network.

Individual cyber-spatial cognition and personal behav-

ior in cyberspace influence the evolution of informa-

tion network (Kwan, 2001), and direct factors that the

internet users concern gradually become the dominant

factor affecting the evolution of network. Such as,

since urban housing has become a topic of consider-

able concern for people in China, the urban housing
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level has become an important factor affecting the

information outflow network, and the fixed asset

investment has become an important factor affecting

the information inflow network. And the interactions

of multiple factors had a stronger impact on the

information network than individual factors, the

mutual promotion and joint effects of transportation

and tourism have made the network of information

flowmore complete. Information flow is highly related

to the urban attributes. However, the spatial distribu-

tion of the dominant factors is different from that of

the information inflow network, which shows that the

evolution of information network is not a simple

reflection of the urban attributes. The interaction

between SSIF and urban attributes needs further

discussion.

Baidu Search Index data used in this study were

reflective of public information exchanges by urban

Internet users, and the data had temporal comparabil-

ity and a real-time updating feature. In terms of

research contents, the information flow space was

examined using directed network analysis, with the

foci being the two aspects of urban information inflow

and outflow. Attention was also paid to discussing the

factors affecting the evolution of the information flow

space. For the selection of factors affecting the

evolutionary mechanism of the information flow

space, current studies had not advanced beyond

qualitative theoretical explanations or the simple

regression analysis. In this study, Internet users’

different content requirements were identified through

their Baidu searches; then, the NLPIR platform was

used for textual classification of the related terms.

Construction of the index system for the influencing

factors served as a specific reference for the quanti-

tative analysis of the formation mechanism behind the

information flow space.

Regarding the research methodology, Geodetector

was used to identify the influencing factors affecting

a city’s centrality in the information flow space.

Geodetector could process large amounts of data on

the influencing factors quickly and easily without

having to consider the collinearity of those factors.

The level of influence that the software ascribed to

each factor also facilitated the intuitive determination

of the dominant factors. Geodetector could quantita-

tively express the results of mutual interactions

between multiple factors, having better explanatory

power for the information flow network of a complex

urban agglomeration. Concurrently, the software’s

ecological detection could establish the relationship

between the influencing factors, and its risk area

detection could screen and select sub-regions with

significant differences. The use of Geodetector to

determine the evolutionary mechanism of the infor-

mation flow network can lead to a clearer under-

standing of intra-regional spatial distributions,

thereby deepening the understanding of the informa-

tion social network hidden within an urban

agglomeration.

Admittedly, the impact of the urban attributes on

the formation of SSIF is examined in this paper

without including a detailed discussion on the inter-

actions between information flow and urban attributes.

Since relational data between cities were difficult to

acquire, only selected data from the Baidu Search

Index that had already been processed by Baidu’s

official platform were used in this study. Different

types of data from various channels and search engines

could be used to better reflect the information linkages

in an urban agglomeration. When constructing the

factors affecting the information flow space, no

distinction was made between the related preceding

and succeeding search terms or the correlation

between those related search terms. Finally, Geode-

tector was used to examine only the overall spatial

structure ofMYUA’s information flowwithout any in-

depth discussion of the structural evolution internal to

the information flow.
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