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Abstract: The rapid development of Internet technology has formed a huge virtual information space.
In the information space, information flow has become a link of communication between objects.
Information flow is an alternative or supplement to the traditional physical flow for the study of the
spatial interaction of geographical entities. The research uses toponym co-occurrence and search
index as information flow data, verifies the geographical laws hidden in the information space by
spatial autocorrelation analysis and gravity model fitting, and analyzes the spatial interaction patterns
of provinces in China in the information space by complex network analysis methods. The results
show that: (1) information flow in the information space obeys Tobler’s first law of geography and
Goodchild’s second law of geography. The spatial interaction represented by information flow has a
distance decay effect. The best distance decay coefficients for toponym co-occurrence and the search
index are 0.189 and 0.186, respectively. (2) The inter-provincial spatial interaction network of China
shows a hierarchical pattern of the triangular primary network and diamond secondary network,
and the ranking of provinces in the centrality analysis is basically stable, but the network hierarchy
is deepening. The gravity center of spatial interaction is located in the east-central region of China.
(3) The information flow-based interaction network is of higher asymmetry than the population
mobility network, and its spatial structure is also obvious. This research provides a new idea for
studying the spatial interaction of geographical entities in the physical world from the perspective of
information flow.

Keywords: textual space; toponym co-occurrence; geospatial mapping; spatial interaction;
complex network

1. Introduction

With the social–economic development and the increasing sophistication of science
and technology, the popularizing rate of the Internet has been increasing year by year, and
the Internet has become an important way for people to obtain information. Information
elements break through the limitations of geographic space and form a huge virtual infor-
mation space. The information space takes information elements as the main component
and information flow as the connection between regions. Information flow is an excellent
alternative to the relationship between entities in the real world, and it can reflect the spatial
connection strength of geographic entities [1]. Toponym is a general term for natural or
humanistic geographic entities that exist in a certain spatial location [2], and it provides
valuable information for the research of disciplines such as geography. Toponym is used
as geographic reference information in about 70% of the texts [3], which provides a basis
for researching geography in the form of text. Toponym co-occurrence means multiple
toponyms appear in the same text with a certain frequency, which generates informational
ties between geographical entities. The search index is statistical data based on users’ search
behavior, which can reflect the attention of Internet users in a certain place at a certain time
for other places [4]. In the information space, the geographic entity is indicated by the
toponym text, and the connection or interaction between geographic entities occurs as the
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information flow, such as toponym co-occurrence and search index. Studying the spatial
interaction of geographical entities from the perspective of information flow is a convenient
research method that can replace the traditional physical flow in the information age.

The connection and interaction between geographic regions are the important re-
search contents of geography, and the urban system has been studied from the aspects
of traffic flow [5], social relation [6], enterprise perspective [7], and economic flow [8].
From the perspective of information flow, toponym co-occurrence provides a new idea
for researching the spatial interaction pattern of geographic entities. As a medium of
information flow, the news contains many aspects, such as politics, economy, culture, and
society. It is a real-time, convenient, and informative research way to mine geographic
information through toponym co-occurrence from massive web news texts. Toponym
co-occurrence can be used for extracting popular tourist destinations [9], extracting core
toponyms [10], toponym disambiguation [11], identifying urban hinterland [12], simulating
urban growth [13], and city interaction [14,15]. Toponym co-occurrence is also used in the
study of spatial interaction in China. Liu et al. [1] first proposed a method to study the
relatedness between geographic entities by toponym co-occurrences on web pages and
discussed the co-occurrence pattern and spatial organization of provinces in China. The
complex network methods are commonly used to analyze the spatial interaction pattern
of China based on the toponym co-occurrence. Zhong et al. [16] applied the complex
network analysis to toponym co-occurrence to study the characteristics of the toponym co-
occurrence network, such as degree distribution, centrality, and small world. Hu et al. [17]
used co-occurrence word frequency in news texts to measure the relatedness strength
between cities in China and studied the spatial distribution of city influence and the in-
teraction network pattern. In the study of the world city pattern based on the toponym
co-occurrence, Zhang et al. [18] conceptualized various mesoscale structures in the world
city network and explored the unique structure of the world city network presented by
the toponym co-occurrence on web pages. However, these studies are only based on the
undirected data of the toponym co-occurrence in the news, which cannot better represent
the asymmetric interaction strength between geographical entities and did not focus on
both network structure and time-varying characteristics of spatial interaction patterns.

Search index captures the attention of users to specific things through big Internet data
and has characteristics, such as large volume and high velocity, which is a high-quality
data source of information flow for spatial interaction analysis. The subjective will of users
is not limited, so the search index is asymmetric and can show the difference between
the two objects that generate the interaction. The Baidu index is an important source of
search indexes. Based on the Baidu index, some studies have been conducted in terms
of tourism patterns [19,20], information dissemination [21], and network attention [22].
Most of the studies on the spatial interaction of geographical entities in China are to
analyze the network pattern of cities. Zong et al. [23] analyzed the current characteristics
and evolution rule of the urban network structure of the twin-city economic circle in the
Chengdu-Chongqing region, concluding that the agglomeration effect of large cities is
obvious and the unevenness of urban networks is high. Guo et al. [24] introduced web
search data to quantify the attractiveness of cities that reflects their ability to attract labor,
then studied the evolution of Chinese urban systems. Wei and Pan [25] used the Baidu index
as the weight of spatial connections between cities in China and used complex network
analysis methods to explore the structural resilience of the city network. Dai et al. [4] used
the Baidu index to analyze the network characteristics of information flow in cities along
the Grand Canal by means of advantage flow analysis and cultural penetration analysis.
As the province is the first-level administrative unit in China, it contains many cities and
receives more attention than cities [16]. The information carried by provinces can reflect
not only province-level relationships but also relationships between regions and cities
across provinces. The studies of inter-provincial spatial interaction in China based on the
search index are conducted from the perspective of complex network analysis. Yu et al. [26]
used the Baidu index as a connection indicator to explore the pattern and structure of the
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inter-provincial information connection network. Wang et al. [27] used the Baidu index to
construct a provincial connection network, explored the structural characteristics of the
connection network in the information space, and identified regional Balkan degrees at
different levels. The search index is affected by the regional Internet development level and
user psychology and is relatively weak in terms of coverage and reflecting reality. Research
based on the single search index will make the results less objective.

The recent research on spatial interaction based on toponym co-occurrence and search
index mostly uses a single data source, which has some shortcomings in the presentation
of information flow characteristics. In addition, the recent research lacks theoretical verifi-
cation that information flow can represent spatial interaction in the information space, and
the analysis of inter-provincial spatial interaction patterns in China based on information
flow needs more discussion. In order to take into account the comprehensive characteristics
of information flow, verify the geographical laws implied in the information space, and
study the spatial interaction pattern and time-varying network characteristics of provinces
in China from the perspective of information flow, we propose a spatial interaction analysis
method of geographical entities based on multivariate information flow. In order to reduce
the limitations of a single element, we chose two data sources of toponym co-occurrence
and search index for the research. Toponym co-occurrence and search index focus on the
objectivity and subjectivity of information flow, respectively, and combining these two
kinds of data can effectively improve the ability of information flow to represent spatial
interaction. Compared with the single data of toponym co-occurrence or search index, it can
reflect the spatial interaction of geographic entities more comprehensively. However, there
are few studies on the spatial interaction patterns and network characteristics of provin-
cial geographic entities in China based on integrated information flow data of toponym
co-occurrence and search index; thus, we have made an attempt to do so in this research.
This research innovatively uses the entropy weight method to calculate the toponym co-
occurrence and search index and obtains multivariate information flow data with subjective
and objective comprehensive characteristics. Through spatial autocorrelation analysis and
distance decay effect test, the research verifies the underlying geographical laws of informa-
tion flow in the virtual information space, and on this basis, uses complex network analysis
methods to analyze the temporal changes of inter-provincial spatial interaction pattern
and network structure characteristics in China from the perspective of information flow.
In addition, we compare the spatial interaction network based on information flow and
population flow and discuss the pattern characteristic differences between information flow
and physical flow. This research provides a new idea for studying the spatial interaction of
geographical entities in the physical world from the perspective of information flow.

The rest of the paper is organized as follows. In Section 2, the toponym co-occurrence
dataset and the analysis methods are presented. In Section 3, in order to verify that
the information flow follows the laws of geography, its correlation, heterogeneity, and
distance decay effect are verified; then, complex networks based on the information flow
are constructed to analyze the spatial interaction pattern of geographical entities and the
changes of network characteristics, and to compare with the population migration network;
center of gravity movement is used to explore the reflection of real events in the information
flow. In Section 4, the significance, limitations, and contributions to future research of this
study are discussed. Finally, a summary of this study is made.

2. Data and Methods
2.1. Data

In the research, toponym co-occurrence data and search index data are obtained as the
source data for information flow, and population mobility data are used for comparison.
The key information of the research data is shown in Table 1. The collecting scope of data
is the 31 provincial-level administrative regions (hereinafter called “province”) in China,
excluding Hong Kong, Macao, and Taiwan.
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Table 1. Key information of research data.

Time Period Time Accuracy
of Acquisition

Time Accuracy
of Research

Sample Size per
Unit of Time Description

Toponym
co-occurrence 2011 to 2020 Year Year 31 × 31

Represented by co-occurrence news
volume, it reflects the connection
strength between provinces in
real-life events.

Search index 2011 to 2020 Day Year 31 × 31

Calculated by weighting the search
frequency of provinces, it reflects
the interprovincial attention
generated by internet user behavior.

Migration ratio 2020 Day Year 31 × 31

Represented as the proportion of
migration, it reflects the proportion
of population migration from each
province to other provinces.

Migration scale
index 2020 Day Year 31 It reflects the scale of population

migration in each province.

Coordinates 31

Represented by the longitude and
latitude of each provincial capital, it
is used to calculate the gravity center
of interaction and the Euclidean
distance between provinces.

This research obtains interprovincial co-occurrence data by searching on a mainstream
news website. As the search engine for data collection, China News Network (http://www.
chinanews.com, accessed on 21 January 2021) is a state-owned news website affiliated with
China News Service. It provides formal news reports, which can avoid the influence of bad
information on the web page and obtain high-quality toponym co-occurrence data. The
data collection method is to filter the news from 2011 to 2020 in chinanews.com by using the
names of two provinces as keywords (e.g., “Beijing Shandong”; the abbreviation was not
considered) and to take the number of co-occurrence news obtained as the co-occurrence
value of the two provinces. When the two provinces are more closely connected, they tend
to appear in the same news more frequently; that is, the co-occurrence news is more, and
the co-occurrence value is larger.

The search index data is obtained from the website of Baidu Index (https://index.
baidu.com, accessed on 5 April 2021). It sets keywords as statistical objects, then calculates
the weighted sum of search frequency for each keyword in the search engine. Using the
province names as keywords and setting the time range and user location, the research
obtains the search indices of each province for each year from 2011 to 2020. The data
provided by the website is daily data, so the daily average value is used as the inter-
provincial search index data for each year. The data is directional, and the numerical value
reflects the connection strength of one province to another.

The population mobility data is obtained from Baidu Map Huiyan (https://huiyan.
baidu.com, accessed on 19 May 2022), expressed as the migration scale index. Compared to
other migration big data, Baidu Map Huiyan can cover all 31 provinces but only provides
historical data for a few months of National Day and Spring Festival travel. In order
to ensure the spatial integrity of the data, we chose Baidu Migration Data, ignoring the
integrity of time. The research obtains the migration scale index and inter-provincial
migration ratio for each province and for the whole country in 2020 (only 158 days are
available). The migration scale index reflects the daily population mobility scale of each
province, and the inter-provincial migration ratio reflects the proportion of daily migration
from one province to another province. For a province, the inter-provincial migration
scale in 2020 is obtained by summing the product of its daily migration scale index and
inter-provincial migration ratio.

http://www.chinanews.com
http://www.chinanews.com
https://index.baidu.com
https://index.baidu.com
https://huiyan.baidu.com
https://huiyan.baidu.com
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The 31 provinces in China have various shapes and large regional differences, making
it difficult to express their spatial distance relationships. Provincial capital cities are often
cities with intensive political and economic activities within a province, representing the
political and economic centers of a province. For the spatial relationship between the two
provinces, we use the geographical coordinates of each provincial capital city to calculate
the Euclidean distance between provincial capitals as the inter-provincial distance data.

2.2. Spatial Autocorrelation Analysis

Spatial correlation reveals the spatial interaction relationship between elements by dis-
covering the spatial distribution characteristics of inter-provincial interaction strength [28].
This research constructs the spatial weight matrix by the coordinates of the provincial capi-
tal through the endogenous adaptive bandwidth in the Gaussian kernel function, conducts
spatial autocorrelation analysis of Moran’s I and cold-hot spot for inter-provincial interac-
tion values through Python, and visualizes the results in ArcGIS, so as to discover the spatial
characteristics of inter-provincial spatial interaction in China based on information flow.

2.2.1. Moran’s I Analysis

Moran’s I is a kind of spatial autocorrelation coefficient, including global Moran’s I
and local Moran’s I. It is used to determine whether there is a correlation between spatial
entities within a certain range.

1. Global Moran’s I

For the interaction pattern of the entity k, the formula of global Moran’s I is as follows:

M =
n
S0

∑n
i=1 ∑n

j=1 wijzizj

∑n
i=1 z2

i
, n ∈ [1, 31] and i, j 6= k (1)

where zi is the deviation between the interaction strength of entity i with entity k and the
average interaction strength of the other 30 entities with entity k, that is, zi = Cik−Ck. wij is
the spatial weight of entities i and j. S0 is the sum of all spatial weights, S0 = ∑n

i=1 ∑n
j=1 wij.

The value range of global Moran’s I is [−1, 1]. When Moran’s > 0, the spatial distribution is
positively correlated, and the larger the value is, the more obvious the correlation is. When
Moran’s < 0, the spatial distribution is negatively correlated, and the smaller the value is,
the more obvious the spatial disparity is. When Moran’s = 0, the spatial distribution is
random. Meanwhile, to estimate the spatial correlation, Z-score and p-value are needed to
indicate confidence.

2. Local Moran’s I

In the global correlation analysis, if the global Moran’s I is significant, it can be con-
sidered that there is a spatial correlation in this region. In addition, the local Moran’s
I is needed to explain where the spatial aggregation phenomenon exists. For the spa-
tial interaction relationship generated by entity k, the formula of the local Moran’s I is
as follows:

Mi =
Zi
S2

n

∑
i 6=j

wijZj, n ∈ [1, 31] and i, j 6= k (2)

where S2 is used to standardize the formula, S2 = 1
n

n
∑

i=1

(
Zik − Zk

)2. Combined with the

significance test, there are four kinds of spatial correlation, as shown in Table 2.
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Table 2. The spatial correlation is reflected by the local Morin’s I.

Zi Mi Spatial Correlation

>0 >0 The interaction strength of entity i is high, and the strength of its
surrounding areas is high (H–H).

>0 <0 The interaction strength of entity i is high, but the strength of its
surrounding areas is low (H–L).

<0 >0 The interaction strength of entity i is low, but the strength of its
surrounding areas is high (L–H).

<0 <0 The interaction strength of entity i is low, and the strength of its
surrounding areas is low (H–H).

According to the local Moran’s I and the results of the significance test, a LISA map
can be plotted to visualize the spatial interaction relationship generated by entities.

The global Moran’s I and local Moran’s I can reflect the spatial aggregation degree
and distribution of spatial interaction of 31 provinces in China based on the toponym
co-occurrence and search index, which contributes to discovering the geographical laws of
spatial interaction based on information flow.

2.2.2. Cold-Hot Spot Analysis

The cold-hot spot analysis method can be used to reveal the spatial clustering char-
acteristics of a local area. It is used to evaluate each element in the context of adjacent
elements, then compare the local situation with the global situation to identify spatial clus-
ters of high values (hot spots) and low values (cold spots) with statistical significance. The
Getis-Ord G*

i index is a common indicator to describe the cold-hot spot, and is calculated as:

G*
i =

∑n
j=1 wijxj − X∑n

j=1 wij

S

√ [
n∑n

j=1 w2
ij−
(

∑n
j=1 wij

)2
]

n−1

, n ∈ [1, 31] and − i, j 6= k (3)

where xj is the interaction strength, wij is the spatial weight of entities i and j, respectively, X
is the mean, S is the standard deviation, and the statistic of G*

i is the Z-score. A statistically
significant positive Z-score indicates a hotspot, and if the element has a high Z-score and a
small p-value, it indicates a high-value spatial cluster. If the negative Z-score is low and
the p-value is small, it indicates a low-value spatial clustering. The higher (or lower) the
Z-score, the greater the degree of clustering. If the Z-score is close to 0, then there is no
significant spatial clustering. By the cold-hot spot analysis of inter-provincial toponym
co-occurrence and search index, we can explore the spatial aggregation of spatial interaction
strength based on the information flow of provinces in China, then explore the underlying
geographical laws.

2.3. Distance Decay Effect

If the spatial interaction based on information flow conforms to the first law of geog-
raphy, it indicates that the spatial interaction has a distance decay effect. The essence of
the distance decay effect is that the interaction of two geographic entities is related to the
spatial distance between them, and the interaction weakens with increasing distance [29].
In order to explore the first law of geography of spatial interaction based on information
flow, the distance attenuation effect is quantitatively expressed. Based on the gravity model,
the parameters in the distance decay effect are fitted, and the fitting formula is as follows:

Iij = K
Cγ

i Cv
j

Dβ
ij

(4)
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In the formula, Iij is the interaction strength of provinces i and j. Ci and Cj are,
respectively, the interaction quality of provinces i and j. Dij is the distance between the two
provinces, represented by the Euclidean distance calculated from the longitude and latitude
coordinates of each provincial capital. K is the correction coefficient. γ and v can reflect
the impact of the interaction quality of provinces i and j on the inter-provincial interaction
strength. β is the distance decay coefficient. The distance decay coefficient indicates how
fast the attraction strength decays with increasing distance, that is, the strength of the
distance decay effect in the spatial interaction strength reflected by toponym co-occurrence
and search index. The smaller the β is, the weaker the distance decay effect of the spatial
interaction based on information flow is; that is, the less distance impedes the interaction
strength of information flow.

In this study, the nonlinear fitting of the gravity model is carried out in SPSS, and
the influence coefficients γ and v of provincial interaction quality and the distance decay
coefficient β in the spatial interaction based on the information flow are obtained. Simi-
larly, the β of the spatial interaction based on the physical flow of population mobility is
calculated and it is compared with the β based on information flow to explore the spatial
characteristics of spatial interaction of geographical entities in virtual information space.

2.4. Complex Network Analysis

Complex network analysis is used to study the overall characteristics of a network, for
which the centrality measurements are important tools. The spatial interaction network
based on information flow constructed in the research is a directed weighted network, the
importance of province nodes in the network can be measured by the centrality, such as
degree centrality and eigenvector centrality.

PageRank (PR) centrality is a variation of eigenvector centrality, and the classical PR
algorithm is used to rank pages through hypertext links. In a complex network, if a node is
pointed to by more other nodes, the PR value of the node is larger. Additionally, if a node
has a higher PR value itself and it points to another node, the PR value of the pointed node
is higher. Different from the classical algorithm, the ranking results of nodes in the weighted
network also take into account the weight of inter-provincial spatial interaction [16].

PR(i) = α
n

∑
j

Wij × PR(j)
n
∑

i=1,i 6=j
Wij

+
1− α

n
(i 6= j) (5)

where PR(i) represents the ranking score of the province i, Wij is the connection weight
between provinces i and j, respectively, and n is the number of nodes. α is a stability
coefficient, which is used to prevent the algorithm from “sinking node” and is generally
set to 0.85. Through iterative calculation, the PR value of each province tends to be stable.
Provinces with large PR centrality are of more importance in the spatial interaction network.

Relative degree centrality is the normalization of degree centrality. For a weighted
spatial interaction network, the relative degree of centrality is as follows:

CRD(i) =
∑n

j Wij

(n− 1)×Wmax
(i 6= j) (6)

where CRD(i) is the relative degree centrality of province i, n(1 ≤ n ≤ 31) is the number
of nodes, Wij is the connection weight of provinces i and j, respectively, and Wmax is the
maximal weight in the network. For a spatial interaction network, network centralization
can denote the extent to which the network is organized around one or some central
provinces. The network centralization can be expressed by the following formula:

Cent =
∑n

i (C RDmax − CRD(i))
n− 1

(7)
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where Cent is the network centralization and CRDmax is the maximal relative degree cen-
trality in the network. The greater difference in the degree of centrality of province nodes
leads to greater network centralization. It indicates that as the degree distribution of nodes
becomes more unbalanced, the provinces with a higher degree centrality have stronger
control over other provinces, and the network tends to expand from these core provinces.

In this research, we input provincial information flow data over the years in Ucinet,
calculate the PR centrality of province nodes and the network degree centrality of each
year, and rank the results. PR centrality ranking can reflect the position of each province in
the spatial interaction network based on the information flow of the year, and temporal
changes in ranking can reflect the changes in its importance in the interaction network.
The changing trend of network centralization can reflect the stability changes of spatial
interaction network structure.

2.5. Model of Gravity Center

The center of gravity model is an important analytical tool for studying changes in the
characteristics of elements in the process of regional development [30]. The coordinates
of the gravity center are the indicators describing the spatial distribution of geographic
entities, which can clearly and objectively reflect the changes in the spatial and temporal
trajectories of their characteristics. In the process of regional development, the movement
of the gravity center is a manifestation of the synergistic development of each region. The
coordinates of the gravity center of each province are used as the geographical coordinates,
and the total interaction quantity of each province is used as a weight indicator to calculate
the coordinates of the gravity center for toponym co-occurrence and search index in China.
The model of the gravity center can be expressed as follows:

X =
∑n

i=1 xi × wi

∑n
i=1 wi

(8)

Y =
∑n

i=1 yi × wi

∑n
i=1 wi

(9)

where X and Y are the coordinates of the gravity center; xi and yi are the latitude and
longitude coordinates of province i; and wi is the weight, expressed as the cumulative
co-occurrence value or search index value of the province i.

2.6. Entropy Weight Method

Toponym co-occurrence and search index are generated from social news and user
search behavior, which focus on the objectivity and subjectivity of information flow data, re-
spectively. In order to reflect the characteristics of information flow more comprehensively,
the entropy weight method is used to calculate the panel data of toponym co-occurrence
and search index to obtain multivariate information flow data that can reflect the compre-
hensive characteristics. The entropy weight method uses information entropy to calculate
the entropy weight of each indicator according to their variation degree, then modifies
the weight of each indicator through the entropy weight so as to obtain a more objective
index weight. Compared with cross-section data, panel data needs to consider the total
information entropy of the data in the overall time. The calculation process of the entropy
weight method for panel data is as follows [31]:

(1) Data standardization. The toponym co-occurrence and search index are positive
indicators, so the positive standardization formula is adopted.

X′θij =
Xθij −min

(
Xθij

)
max

(
Xθij

)
−min

(
Xθij

) (10)
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where Xθij stands for the value of indicator j of item i in year θ. After standardization, 0 will
be generated, so a minimum value needs to be added for data translation. The minimum
value is set to 1× 10−5.

(2) Proportion calculation. Calculate the proportion of the value j under indicator j of
item i in year θ. M is the number of samples.

Pθij =
X′θij

∑d
θ=1 ∑m

i=1 X′θij

(11)

(3) Information entropy calculation. Calculate the information entropy of the indicator j.

Ej = −
1

ln(dm)

d

∑
θ=1

m

∑
i=1

[
Pθij·ln

(
Pθij
)]

(12)

(4) Weight calculation. Calculate the discrimination factor of indicator j.

Gj = 1− Ej (13)

Calculate the weight of indicator j.

Wj =
Gj

∑n
j=1 Gj

(14)

(5) Comprehensive score calculation.

Zθi =
n

∑
j=1

(
Wj·X′θij

)
(15)

Z = X′·W (16)

Z is the panel data of multivariate information flow obtained after weighted calculation
by toponym co-occurrence and search index. Multivariate information flow data takes into
account the attribute and temporal characteristics of toponym co-occurrence and search
index, which contributes to more reasonably reflecting the spatial interaction patterns and
structural characteristics of the interaction network based on information flow.

3. Results
3.1. Laws of Geography in Information Flow
3.1.1. Discovering Correlation and Heterogeneity

The characteristic of spatial interaction is an important part of geographic analysis [32].
The interaction pattern refers to the behavioral rule of spatial interaction between geo-
graphic entities, that is, the distribution of the interaction strength of one entity with other
entities. By analyzing the interaction pattern of toponym co-occurrence and search index,
the characteristics and rules of information flow in the textual space can be discovered,
which contributes to mining the interaction characteristics of the spatial entities implied in
information flow.

From the two aspects of toponym co-occurrence and search index, Moran’s I is used
to measure the spatial correlation of the interaction pattern of each province. The global
Moran’s I for the co-occurrence strength of each province with the other 30 provinces is
calculated by Formula (1), as shown in Table 3.
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Table 3. Global Moran’s I of provinces in China, taking the top 10 provinces. The Z-score is the
multiple of the standard deviation. The results are all extremely significant, p-value < 0.01, so the
p-value is not shown.

Toponym Co-Occurrence Search Index

Province Moran’s I Z-Score Province Moran’s I Z-Score

Hebei 0.740711 7.642184 Beijing 0.808857 5.998074
Anhui 0.719599 5.449721 Hebei 0.785282 7.149060
Shanxi 0.681523 6.109955 Tianjin 0.765024 6.607754
Jiangxi 0.660554 4.982462 Anhui 0.759295 5.829506

Shandong 0.649321 5.597223 Shanghai 0.688321 5.241796
Jiangsu 0.644998 5.151514 Shandong 0.683801 5.430812
Tianjin 0.643374 6.270135 Guangdong 0.663948 5.055511
Henan 0.628473 5.221496 Shanxi 0.660656 5.696736

Liaoning 0.619655 5.357829 Liaoning 0.660091 5.490013
Fujian 0.615384 4.803019 Zhejiang 0.646384 5.280391

It can be seen that the interaction patterns of provinces in China present different
significant positive correlations, and the global Moran’s I of search index is higher than
that of toponym co-occurrence. For toponym co-occurrence and search index, there are,
respectively, 10 and 16 provinces with Moran’s I greater than 0.6. The provinces with
stronger spatial correlation are mainly located in southeastern and eastern China. A few
provinces have low spatial correlation, and most of these provinces are located in western
China. On the one hand, they tend to interact with neighboring provinces in the west, and
on the other hand, they also tend to interact with developed provinces in the east. In this
case, the strength of geographic entities weakens the influence of distance, resulting in the
random distribution of interaction strength.

Global Moran’s I indicate the existence of spatial aggregation in the interaction pattern.
In order to clarify the spatial aggregation distribution in the interaction pattern of each
province, local Moran’s I is used to measure it. After the significance test, the maps of local
indicators of spatial association (LISA) are plotted. Provinces with a significant positive
spatial correlation have a more obvious aggregation distribution. Take Hebei, where the
global Moran’s I of toponym co-occurrence and search index are both large; as an example,
the Moran scatter maps and LISA maps for its interaction pattern are shown in Figure 1.

It can be found from the figure that for the provinces whose interaction pattern has
significant spatial correlation, the H–H cluster is usually distributed around them, and the
L–L cluster tends to be distributed farther away. It means that the neighboring provinces
have high interaction strength, and the interaction strength decreases with distance. This is
consistent with Tobler’s first law of geography (TFL), namely, all things are related, but
nearby things are more related than distant things [33].

Goodchild’s second law of geography (GSL) [34] refers that spatial isolation causes
differences between objects, forming local spatial heterogeneity. To explore the heterogene-
ity of spatial interaction, a cold-hot spot analysis for the co-occurrence strength and search
index of each province with the others is conducted. For different provinces, there are
differences in the degree of spatial autocorrelation. Provinces with high spatial autocorrela-
tion have significant spatial aggregation of cold-hot spots. Taking Hebei with high spatial
autocorrelation as an example, the distribution of cold and hot spots is explored, as shown
in Figure 2.
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Figure 1. LISA maps and scatter maps for local Moran’s I, taking Hebei as an example. (a,b) are for
toponym co-occurrence. (c,d) are for the search index. The province in black is the reference one on
each map. High–High (H–H) Cluster: it’s own and it’s neighbors’ co-occurrence values are all high.
High–Low (H–L) Outlier: its own value is high, but its neighbors’ values are low. Low–High (L–H)
Outlier: its own value is low, but its neighbors’ values are high. Low–Low (L–L) Cluster: its own and
its neighbors’ values are all low.

Figure 2 shows the cold-hot spot distribution of toponym co-occurrence and search
index, both of which show spatial heterogeneity in terms of interaction strength. On the
one hand, the differences in interaction strength cause the dissimilarity in the significance
of cold spots or hot spots. In the cold-hot spot analysis of the search index, the number of
provinces passing the significance test is higher than that of toponym co-occurrence, but
the significance is slightly lower. Among them, the number of hot spots is the same, and the
number of cold spots in the search index is higher than that of toponym co-occurrence. On
the other hand, from the perspective of spatial aggregation, both of them have generated
cold spot aggregation and hot spot aggregation, and the hot spot area is relatively close.

The above analysis indicates that the spatial interaction pattern has correlation and
heterogeneity by taking toponym co-occurrence and search index as the representation in
the textual information space; that is, it conforms to TFL and GSL in the physical space.
TFL shows that not only are geographic entities related, but their correlation decreases
with increasing distance; that is, the correlation obeys the distance decay effect. In order to
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further verify that toponym co-occurrence in the information space obeys TFL in the real
world, we then verify the distance decay effect in toponym co-occurrence.
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3.1.2. Verifying Distance Decay Effect

In order to quantify the distance decay effect in toponym co-occurrence and search
index, we use the gravity model for parameter fitting to obtain the distance decay coefficient
β. First, we set different β with a step size of 0.001 to fit other parameters of the gravity
model and use R2 to represent the goodness of fit. When R2 reaches the maximum value,
the values of the optimal β are, respectively, 0.189 and 0.186, and R2 are, respectively, 0.818
and 0.533. Therefore, the quantitative expression of the distance decay effect of toponym
co-occurrence and search index can be obtained, respectively:

ITij = 4.430× 10−3
C0.682

Ti C0.682
Tj

D0.189
ij

(17)

ISij = 1.398× 10−6
C1.001

Si C0.857
Sj

D0.186
ij

(18)

It can be seen from the two formulas that β of toponym co-occurrence and search index
are similar, and β of the search index is slightly smaller than that of toponym co-occurrence.
Therefore, the influence of distance on the search index is slightly less than that of toponym
co-occurrence; that is, the influence of distance on the spatial interaction generated by users’
retrieval behavior is slightly less than that of the spatial interaction generated by objective
events. In addition, in Formula (17), the parameters of CTi and CTj are the same, which
means that provinces i and j have the same contribution to the interaction of toponym
co-occurrence. In Formula (18), the parameter of CSi is greater than CSj, which indicates
that province i, as the generator of retrieval behavior, has a greater contribution to the
spatial interaction of the search index.

A longer time scale of data allows a more comprehensive analysis of the characteristics
of data, but it makes the change of characteristics over time fuzzy. Therefore, we analyze
the distance decay effect of toponym co-occurrence and search index data for each year
and fit their distance decay coefficients, as shown in Figure 3.
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Overall, the β of toponym co-occurrence and search index show a decreasing trend,
and the β of the search index had a greater decrease degree, while that of toponym co-
occurrence is relatively stable. The range of β for toponym co-occurrence is 0.264 to 0.174,
and the range of β for the search index is 0.282 to 0.111. Their distance decay coefficients for
all years also remain lower than those in geographic space. The β of toponym co-occurrence
is higher than that of the search index in most years, indicating that the influence of distance
on toponym co-occurrence is larger than that on the search index in the long term, which is
consistent with the previously obtained β of toponym co-occurrence being slightly larger
than that of search index on a 10-year time scale.

Through the above research, it is found that the information space represented by
toponym co-occurrence and search index obeys TFL and GDL. Therefore, the information
space, specifically the textual space in the research, can be used as a mapping of geographic
space in the material world.

3.2. Spatial Interaction Mapping of Geographic Entities

Toponym co-occurrence and search index are weighted by the entropy weight method
to obtain the multivariate information flow data. The multivariate information flow data
can comprehensively reflect the objectivity and subjectivity of toponym co-occurrence
and search index. Compared with some physical flow data, it is less constrained by time
and space. Therefore, the interaction of geographic entities can be analyzed based on
information flow, which is a data source supplement to the current research methods
of city interaction, such as traffic flow and human migration. The complex network
constructed based on information flow can be used as the information domain mapping of
the interaction network of real geographic entities. Three types of information flow data are
used to construct hierarchical complex networks and to analyze the interprovincial spatial
interaction pattern. The province is regarded as the network node, and the interaction
strength is regarded as the weight of the edge. In the research, there are 465 province
pairs and 465 undirected edges or 930 directed edges. The number of classification grades
determined by the Goodness of Variance Fit (GVF) method is 4. According to the interaction
strength, all provincial pairs are divided into four grades by using the method of natural
breaks (Jenks), and the hierarchical spatial interaction networks are drawn.

3.2.1. Spatial Interaction Networks of Toponym Co-Occurrence and Search Index

The toponym co-occurrence network can reflect the interaction of geographic enti-
ties in real events, but it is not spatially directed. The search index network can reflect
the willingness of geographic entities to generate interactions with other entities. The
spatial interaction networks of toponym co-occurrence and search index are constructed,
respectively, as shown in Figure 4.
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network, which is an undirected network. (b) Search index network, which is a directed network.

In the toponym co-occurrence network, the percentages of the four interaction grades
are, respectively, 0.22%, 4.09%, 24.73%, and 70.97%. In particular, the network of grade I
contains only the province pair of Beijing–Shanghai, whose interaction strength of toponym
co-occurrence is much higher than that of other provincial pairs. Therefore, the initial
pattern appears in the network of grade II in the toponym co-occurrence network, i.e., a
diamond-shaped pattern with Beijing, Shanghai, Guangdong, and Chongqing as the main
nodes. The next-level network is also mainly distributed within this diamond-shaped
pattern, with a slight expansion to the southern and northeastern regions and only a few
interaction edges in the western region.

In the search index network, the percentages of the four-interaction grade ls are,
respectively, 3.12%, 10.22%, 31.83%, and 54.84%. The network of grade I consists of one-
way interactions, forming a diamond-shaped pattern similar to toponym co-occurrence.
The network of grade II is still mainly one-way interactions, mainly distributed in the
eastern and central regions of China and less distributed in the western and northeastern
regions. The formation of the unidirectional network indicates that the interaction behaviors
sent by two provinces to each other fail to reach the same strength level in the search index;
that is, there is an asymmetry in the spatial interaction of geographic entities.

Both networks of toponym co-occurrence and search index present a diamond-shaped
spatial interaction pattern which is an important part of the spatial interaction network. In
the diamond-shaped pattern, geographic entities have higher spatial interaction strength.
However, the search index network is more balanced than the co-occurrence network in
terms of hierarchical division, presents a more obvious spatial pattern, and has a more
solid network structure. There are long-distance edges in the high interaction grades of the
search index network, which reflects that the distance decay effect has less influence on the
search index than toponym co-occurrence.

3.2.2. Patterns of Interaction Network Based on Multivariate Information Flow

In order to reflect the spatial interaction pattern presented by the information flow in
the text space comprehensively, the interaction network of multivariate information flow is
constructed, as shown in Figure 5. The network structures of different interaction grades
are compared, and the influencing factors of their formation are speculated for the spatial
pattern presented in each grade.
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• Grade I. There are 11 province pairs, accounting for 1.18% of the total amount of
interprovincial interaction. The interaction network in this grade is located in eastern
China, forming a triangular primary network with Beijing, Shanghai, and Guangdong
as the vertices. The network contains bidirectional interaction between Beijing and
Shanghai, which shows the prominence of the interaction between the two cities in the
spatial interaction of China. In addition, other edges in the network in this grade are
also associated with these two cities. Except for the interaction from Beijing to Tianjin,
all other interactions are directed from other provinces to Beijing and Shanghai. Since
Beijing and Shanghai are, respectively, the political and economic centers of China, and
the interactions are obviously distributed across regions, the influence of political and
economic factors in this grade network is much greater than that of the distance factor.

• Grade II. There are 92 province pairs, accounting for 9.89% of the total amount of
interprovincial interaction. The interaction network in this grade mainly distributes in
the eastern and central regions of China and shows obvious cross-regional interaction.
It forms an almost diamond-shaped network of interprovincial spatial interaction.
The network includes 27 provinces in China. Beijing, Shanghai, Guangdong, and
Chongqing have the closest interaction with other provinces, which is the main part
of Grade II. Among them, Guangdong has the most out-edges and the only in-edge.
Combined with the interaction in grade I, although Guangdong has higher interaction
strength, it fits the role of a generator in spatial interaction more; that is, its executive
force is greater than its attraction.

• Grade III. There are 282 province pairs, accounting for 30.32% of the total amount of
interprovincial interaction. The interaction network in this grade is concentrated in
the eastern and central regions of China, with increased interaction in the western and
northeastern regions, which jointly constitute the general network of interprovincial
spatial interaction. The network in this grade covers all provinces in China and adds
the interaction between adjacent provinces in which the spatial distance performs a
major role. With the expansion of the network scale, the influence of the distance factor
increases and is similar to the influence of political and economic factors in this grade.

• Grade IV. There are 545 province pairs, accounting for 58.60% of the total amount of
interprovincial interaction. In this grade, the network contains the rest of the spatial
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interactions of provinces in China. Influenced by the territory of China, the network
presents an almost trapezoidal spatial pattern. The network in this grade includes
most of the province pairs, which have relatively weak interaction in all aspects of
spatial distance, politics, and economy.

As shown in Figure 5, taking the provinces, such as Beijing, Shanghai, Chongqing,
and Guangdong, as the core nodes, the triangular primary network of spatial interaction
is formed. Taking the southeastern, eastern, and central regions as important regions,
the diamond-shaped secondary network is formed. It expands outward grade by grade,
and the almost trapezoidal space pattern of the global interprovincial interaction network
is finally formed. The influence of political and economic factors is dominated in the
triangular primary network and the influence of spatial distance increases in the diamond-
shaped secondary network. The overall spatial pattern finally formed is closely related to
the geographic distribution of China.

3.2.3. Centrality of Information Flow Network

The constructed toponym co-occurrence network is an undirected fully connected
network, where the degree distribution of nodes is characterized by scale-free [16]. The
search index network and the multivariate information flow network are directed weighted
networks, and the degree distribution of nodes is also characterized by scale-free. Most
nodes have a small degree value, while a few nodes that are the core points of the complex
network have a large degree value. In order to study the status of provinces in the spatial
interaction network and the cohesion of the network, we select the interprovincial toponym
co-occurrence, search index, and multivariate information flow data from 2011 to 2020 to
construct the interaction network for each year and calculate the PageRank centrality of
nodes and the network centralization.

It can be seen from Figure 6 that the importance of provinces in the spatial interaction
network is overall in a stable state, and only a few provinces change greatly. The top eight
provinces (i.e., Beijing, Shanghai, Guangdong, Zhejiang, Shandong, Jiangsu, Sichuan, and
Henan) have a greater degree of centrality than the average per year. Among the centrality
of the three networks, the provinces with higher average rankings are in the central position
of the spatial interaction network, which is closely related to the above diamond-shaped
pattern of the core network for provincial spatial interaction. In particular, Beijing is in the
absolute core position with its long-term first place, which shows the outstanding influence
of Beijing as the capital of China in the nationwide spatial interaction. Shanghai has the
second highest influence.
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Figure 7 shows the trends of network centralization of toponym co-occurrence, search
index, and multivariate information flow. The centralization of toponym co-occurrence
shows an increasing trend, indicating that the interaction strength of core provinces in the
toponym co-occurrence network is increasing. The in-degree centralization of the search
index shows a decreasing trend, while the out-degree centralization basically shows an
increasing trend. The unevenness of receiving interactions by provinces moderates year
by year, while the behavior of generating interactions increasingly aggregates toward the
core provinces. On the whole, the network centralization of toponym co-occurrence is
lower than that of the search index, and its fluctuation range is also smaller than that of the
search index. The spatial interaction network characterized by toponym co-occurrence is
less hierarchical than the search index network.
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3.2.4. Movement of Gravity Center of Spatial Interaction

The movement of the gravity center of spatial interaction can reflect the trend of
regional development to a certain extent. The latitude and longitude coordinates of each
province and the cumulative interaction strength are used to calculate the coordinates of
the gravity center for each year. The location and movement of the gravity center from 2011
to 2020 are shown in Figure 8.

The gravity centers of toponym co-occurrence, search index, and multivariate informa-
tion flow are all distributed in east-central China during the decade, with an accumulated
movement of 180.13 km, 201.19 km, and 175.14 km, respectively. The moving diameters are,
respectively, 77.85 km, 96.63 km, and 94.25 km, which are less than two percent of the length
of Chinese territory, so the movement is relatively small. It suggests that the change in the
importance of Chinese provinces reflected by information flow is relatively steady, with
eastern regions being more important than western regions. For toponym co-occurrence,
the gravity center moved to the northwest continually from 2013 to 2019 because the “Belt
and Road” initiative promotes the development of the western region and alleviates the
east–west gap [35,36]. For the search index, the gravity center moved to the northeast
in 2011 and 2012 due to Shandong having an extremely high index. It moved in a much
smaller range with a relatively stable position from 2013 to 2020. Combining toponym
co-occurrence with the search index, the gravity center of multivariate information flow
fluctuates from the northeast to the southwest as a whole, which has a high similarity with
the regional economic development of China [37].
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In 2020, the gravity center of toponym co-occurrence, search index, and multivariate
information flow all moved eastward because Hubei became the focus due to COVID-19.
Thus, it can be seen that whether it is toponym co-occurrence or search index, the informa-
tion flow can reflect the impact of major social events and policies on the whole country
and is their mapping in textual space.

3.3. Comparison between Networks of Information Flow and Population Mobility

Population mobility is the most active factor in the economic and social system, and
its role in reshaping the urban network is fundamental [38]. While the information flow
covers more information sources, the resulting spatial interaction network reflects the
result of more social factors compared with the population mobility network. In order
to clarify the differences between the two network structures, the population mobility
network is constructed to compare with the multivariate information flow network, as
shown in Figure 9.

The central nodes of the population mobility network have high consistency with the
multivariate information flow network, such as Beijing, Shanghai, Jiangsu, Guangdong,
and Chengdu. Provinces, such as Guangdong and Jiangsu, have a more important position
in the population mobility network, and the dominance of Beijing and Shanghai as political
and financial centers is weakened. The difference is that the information flow network forms
a diamond-shaped major pattern with these nodes, presenting a cross-regional distribution
of spatial interactions in China. In contrast, in the population mobility network, these
nodes only interact at high strength with neighboring provinces, and they are mostly
the developed provinces along the eastern coast. The distance decay coefficient β for
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the population mobility in 2020 is 0.976, which is much larger than the βof 0.162 for the
multivariate information flow in 2020. The distance decay coefficient of the physical flow is
significantly greater than that of the information flow because the friction of the distance
to the information flow is greatly reduced in the virtual information space. Therefore, the
influence of geographical distance cannot be ignored in causing the difference in the spatial
pattern of the two networks. In addition, due to the round-trip characteristic of population
mobility, the population mobility network is mostly two-way interaction at the same level,
so the asymmetry of interaction is weaker than that of the information flow network.
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4. Discussion
4.1. The Laws of Geography in the Information Space

Before conducting spatial autocorrelation analysis and distance decay effect test,
it is first necessary to define the spatial relationships of provinces. Previous research
used topological distance to define spatial relationships [1], which can reduce distance
ambiguity caused by area differences, but its practical significance is weakened. This
research defines neighbors by calculating Euclidean distance using the coordinates of the
provincial capital. Due to the significant differences in the area of Chinese provinces and
the uneven distribution of their capitals, using reciprocal distance to define weights can
lead to significant differences in sample size. Thus, we use Gaussian kernel endogenous
adaptive bandwidth to construct the spatial weight matrix. The endogenous adaptive
bandwidth varies depending on the position of the sample; that is, different analysis scales
are taken at different positions. The adjacency matrix constructed by this method has both
strong practical significance and high sample statistical significance.

The spatial autocorrelation analysis of toponym co-occurrence and search index shows
that, in the information space, the spatial interaction pattern by taking information flow
as the representation has correlation and heterogeneity and conforms to TFL and GSL in
the physical space. In the spatial autocorrelation analysis, there are outliers inconsistent
with the laws of geography, such as Guangdong in southern China in Figure 1b and
Jiangsu in southeastern China in Figure 2b. These two provinces belong to economically
developed provinces in China, whose GDP consistently ranks among the top two in China.
Frequent economic exchanges have significantly increased the interaction between these
two provinces compared to the surrounding areas, making it an abnormally high value
in spatial autocorrelation analysis. In the local Moran’s I and cold-hot spot analysis that
reflects spatial clustering, in addition to the differences in significance, most provinces
match cold spots with low-value clusters and hot spots with high-value clusters. However,
Inner Mongolia exhibits an L–H outlier in the local Moran’s I in Figure 1, while it is a hot
spot in the cold-hot spot analysis in Figure 2, which is not in line with expectations. In
fact, due to TFL, provinces around Inner Mongolia that are not significantly clustered still
have high interaction values, some even higher than that of Inner Mongolia. Thus, Inner
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Mongolia and surrounding provinces have formed an L–H outlier. In the cold-hot spot
analysis, due to the local situation is compared with the global situation, Inner Mongolia
has become a significant hotspot.

In the distance decay effect test, the distance decay coefficients obtained by toponym
co-occurrence and search index are smaller than those in the actual geographic space,
generally 0.85 to 1.97 [39–41]. It shows that compared with the geographic space, the
distance has less resistance to the interaction relationship for information flow, and the
interaction strength decreases slowly with increasing distance. The reason is that the
influence of the distance factor in the virtual information space is smaller than that in the
actual geographic space. Therefore, the optimal distance decay coefficients obtained by
toponym co-occurrence and search index are smaller than that in the geographic space, and
the distance decay effect is relatively weak.

4.2. Spatial Interaction Pattern Based on Information Flow

The spatial pattern presented by the complex network based on multivariate infor-
mation flow shows the regional interaction strength of China hierarchically and is highly
consistent with the actual regional development pattern [42]. The previous conclusion
of this research can also be proved from the perspective of positive research: the infor-
mation space represented by information flow can be used as a mapping of geographic
space in the physical world; the complex network based on information flow can be used
as an information domain mapping of the interaction network of geographic entities in
the real world. In comparison, the population mobility network is more influenced by
individual demand factors, such as economic income and living comfort [43,44], while the
information flow network is more influenced by social factors, such as social events and
comprehensive development. The information flow network will reflect the social pattern
more systematically and comprehensively.

In the centrality analysis of the interaction network, the ranking of each province
is basically stable. Among the provinces with large changes in rank, it is worth noting
that Hubei ranked significantly higher in 2020. The number of news mentioning Hubei
in 2020 increased by 254.83% compared with 2019, of which news related to COVID-19
accounted for 47.24% of the total. The annual average value of the Baidu index for Hubei
in 2020 increased by 55.55% compared to 2019, reaching a daily peak of 86,200 on January
25, which is 13.17 times the annual average value. On the same day, the Baidu index
for “pneumonia” also reached a historical peak of 760,460. Figure 10 shows the subject
words of co-occurrence news of Hubei and the top five provinces in co-occurrence intensity
in 2020, among which words related to COVID-19, such as “epidemic”, “prevention”,
“control”, “Wuhan” and “hospital”, are particularly prominent. COVID-19 was a major
public health emergency in 2020, and related news reported the source and destination
of cases in detail. COVID-19 in China broke out in Wuhan, Hubei, and spread to all
provinces across the country, which made Hubei establish a close relationship with the
other provinces. Therefore, the importance of Hubei in the spatial interaction network
increased significantly this year.

In the past decade, network centralization has shown an upward trend on the whole,
and the hierarchy of the spatial interaction network has become increasingly obvious.
It indicates that network cohesion continually converges towards the provinces in the
central position, and the degree of interprovincial interaction shows a strong hierarchical
characteristic. On the one hand, the provinces in the central position of the network have
a stronger driving force than the marginal provinces. On the other hand, the network
structure needs to be further optimized, and the provinces in the non-central position need
more investment to help them develop to improve their interaction capabilities so as to
alleviate the increasingly uneven spatial interaction.
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word cloud map is created according to word frequency.

4.3. Meaning and Future Work

The toponym co-occurrence in this research derives from web news, so it possesses
the openness, timeliness, and accuracy of the news; that is, it invades less user privacy,
captures social hotspots in real-time, and confirms the facts. Furthermore, news topics
cover all aspects of social life and present a complete and complex interactive relationship
in the information space. The search index reflects the attention degree and continuous
change of Internet users to keywords and presents the interaction phenomenon between
geographic entities from the perspective of user behavior. The combination of toponym
co-occurrence and search index, which focus on objective facts and subjective emotions,
respectively, makes the information flow studied more comprehensive. However, the
toponym co-occurrence and search index also have limitations; for example, the units
with smaller administrative levels have greater ambiguity. Therefore, more constraints
are needed to identify geographical objects. Compared with the interaction network in
the physical spatial limited by resources and traffic, such as the railway freight network
and tourism economic network [45,46], the interaction network based on information flow
breaks through the limitations of resources, traffic, and spatial distance, and provides a
unique perspective for the interaction analysis of geographic entities, which can be used
as a supplement and verification to analyze the spatial interaction of geographic entities
based on traffic flow, population migration, and many others.

Occurring in the text space, toponym co-occurrence, and search index show the
strength of the connection and interaction between regions to a certain extent from the
perspective of information flow. Information flow can be used to analyze the spatial
distribution of major social events, which provides a way of thinking for the analysis of
epidemic spread control and prediction. In the era of underdeveloped transportation, the
spread of infectious diseases is related to the actual geographic distance. The longer the
distance is, the slower the pathogen spreads; the shorter the distance is, the faster the
pathogen spreads. Due to the development of transportation technology, the spread of
infectious diseases is no longer related to the geographic spatial distance first but to the
effective distance in the network space [47]. For example, COVID-19 can spread from
one city to another closely connected city thousands of kilometers away through the air
network within a few hours. However, due to the policy of lockdown and traffic restriction,
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the traffic flow has been greatly reduced, even in a low-value state for a long time. During
the closure of the city, the population movement was unusual, but the information flow
was unimpeded. In this case, the traffic flow data could not match the outbreak of the
epidemic in real-time, but the news reports could. The information flow was more reflective
of the epidemic development than the population movement. Moreover, since this major
public health event was the focus of the whole society, related news reports were generated
in large quantities and rapidly to report the epidemic situation to the public in time. A
large amount of news provided richer information, which provides stronger support for
analyzing the spread and provided of the epidemic through toponym co-occurrence and
search index. Therefore, information flow can replace the traffic flow in the physical space.
Based on the information flow network, we can carry out epidemic spread analysis and
make epidemic prevention and control decisions, which is the significance and contribution
of this research to reality.

From both theoretical and empirical perspectives, it can be concluded that the infor-
mation space can be regarded as a mapping for the geographic space of the physical world,
and the information flow network can be regarded as an information domain mapping
for the interaction network of real geographic entities. On this basis, the interaction anal-
ysis of real-world geographic entities can be carried out as a supplement to the existing
research methods for city interaction based on traffic flow, human migration, etc. In future
research, the driving factors of spatial interaction can be further clarified by analyzing the
information content, and the spatial interaction of different topics can also be analyzed by
restricting different subject terms.

5. Conclusions

This research proposes a spatial interaction analysis method of geographical entities
based on multivariate information flow. The research conducts a spatial autocorrelation
analysis on the spatial interaction strength of 31 provincial-level administrative regions of
China by using the toponym co-occurrence and search index data to verify the geographical
law of information flow in text space. Furthermore, the research combines the toponym
co-occurrence and search index to generate multivariate information flow data with sub-
jective and objective comprehensive characteristics and analyzes the spatial pattern of
the provincial geographic entities in China based on the complex network of multivariate
information flow. The results show that the toponym co-occurrence and search index in
the textual space have correlation and heterogeneity, conforming to TFL and GSL. The
toponym co-occurrence and search index have a distance decay effect. The best distance
decay coefficients are 0.189 and 0.186, respectively, which are significantly lower than
that of physical flow. Furthermore, the research combines the toponym co-occurrence
and search index to generate multivariate information flow data. The research analyzes
the spatial pattern of the provincial geographic entities in China based on the complex
network of multivariate information flow. The multivariate information flow network has
a triangular primary network and a diamond-shaped secondary network, which has a high
consistency with the actual regional development pattern. Additionally, the movement of
the gravity center of multivariate information flow can reflect the spatial influence of real
events. In the time series evolution of the interaction network, Beijing has always been in
the leading position of the network. The importance of each province is in a stable state
as a whole, and the network is becoming more hierarchical. Compared with the physical
flow of population mobility, the distance decay effect of information flow is weaker. The
diamond-shaped pattern of the information flow network consists of long-distance and
cross-regional interaction edges, and the asymmetry of the interaction is stronger than that
of population mobility.
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