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ABSTRACT Spatial interaction is the process that individuals interact with each other at different geograph-
ical locations. It attracts much research interests for the increasing data and applications related to spatial
interaction. In this paper, a method is proposed to construct the spatio-info network with the dataset from
WeChat. The correlation between human factors and statistics characteristics of the network is analyzed and
confirmed, and then, the gross domestic product (GDP) and demographics are integrated into gravity model
to model the spatio-info network. The likelihood method is used to solving the parameters and evaluates
the four models; it is found that the GDP-GDP-distance (GGD) and population-population-distance (PPD)
are similar and much better than the other two models. Finally, topological characteristics and community
structure of the evolution network are analyzed to evaluate the models. It is found that evolution networks
of the two models are almost consistent to origin network, and PPD models are better. It is concluded that
the gravity model and human factors can be used to model the spatio-info network. This paper can be used
to predict the communication amount of different regions in online social media dynamically. Naturally,
this will help the mobile communication infrastructure construction, especially for a new generation of
technology, such as 5G, or for regions with poor infrastructure. In addition, it will also help the software
service providers configure server and advertising resources.

INDEX TERMS Spatio-info network, law of universal gravitation, GDP, demographics.

I. INTRODUCTION
There are different types of information dissemination meth-
ods in Internet, including Web, FTP, E-mail and Telnet.
In recent years, online social networks have spread rapidly
around the world and are now one of the most popular types
of websites on the Internet [1]. The popularity of the website
provides a lot of opportunities to study the characteristics
of online social networks [2]. Research on social networks
involves many topics, such as the basic features of social
networks ([2]-[5]), user behavior characteristics ([6]-[8])
online propagation ([9], [10]), and the evolution of online
social networks ([11]) and so on.

Spatial interaction is the process that an entity makes
contact, demand or supply decisions, and location choices
at different geographical locations [12] For example, trade
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between different countries or regions, human migration
between cities or countries, and communication between
people in different cities through telephone or online social
media. In online social network, spatial interaction is formed
by users at different spatial locations, to send, view and
forward information. Naturally, spatial interactions can be
described with complex network methods [13]. Nodes rep-
resent spatial locations, which can be cities, provinces,
or countries. Edges represent interactions of entities in dif-
ferent spatial locations. Studying the characteristics of spatial
interaction networks in social networks and their evolutionary
mechanisms is of great significance for providing location-
based business services, planning and managing communi-
cation network facilities, and formulating regional economic
development policies.

The spatial interaction characteristics of online social net-
works have attracted wide attention. From the perspective of
spatial information diffusion, geoscience research based on
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mobile communication data has two important results. The
first is that the law of universal gravitation can be used to fit
the density of interactions between cities’ centers [14], [15].
The other is about community detection, some studies have
found that the detected communities match the administrative
divisions [16], [17] very well. Moyano et al. [18] and others
found that strong interactions usually indicate that the eco-
nomic relationship between the two sides is strong. These
studies follow the tradition that spatial interactions can repre-
sent the theory of geographic features, which was established
by Ullman and Boyce [19] and persisted and developed by
Noronha and Goodchild [20] and Castells [21].

This paper studies the evolution mechanism of cities inter-
active networks formed by the information dissemination
process on online social networks. The nodes of this network
are cities, and the interactions among cities of users are
regarded as edges. At present, many studies on the evolu-
tion of social networks are considered in the perspective of
nodes by adding nodes to the network with given rules and
establishing links with nodes in the network [22], [23]. How-
ever, this evolutionary mechanism cannot be applied to cities
interactive networks. In the process of information propaga-
tion among cities, the geographic locations is fixed, and the
interaction between cities changed continuously. Therefore,
we consider the evolution model of cities online interactive
network from the perspective of the edges. In the model,
the nodes are fixed, and the evolution process consists of two
parts: the link arrival time and the preferential attachment.
We consider the network as a sequence of links, the genera-
tion of each link consists of two aspects: one is when a link
happens in the networks, and another is that in which cities a
user sends the information and another user receive it.

The remainder of the paper is organized as follows.
In section two the related works are introduced, including
spatio-info networks, the centrality and community of net-
work, the extension of gravity law and the method of model
evaluation by likelihood. Section three introduces data and
spatio-info networks, the generation method of Spatio-info
Network is proposed. The characteristics of the network cen-
trality and its relationship with population and economy are
analyzed in section four. Section five proposed the model,
and Section six generate an evolutionary network with the
model and compares the evolutionary network with real data.
Section seven discussed the results with related work and the
final section summarizes the work of the paper.

Il. RELATED WORK
This paper first constructs Spatio-network taking cities
as a node, which is similar to the research method of
Blondel et al. [16]. They analyze the data set containing
200 million mobile phone communication records and con-
struct a network with cities as the nodes, and adopt the method
of community detection to divide network nodes into clusters
to research the existence of regions and boundaries.

There has been a lot of researches on spatial information
interaction. Research related to community detection based
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on mobile communication data mainly involves four aspects,
in addition to the above-mentioned city-based networks,
there are individuals based [24]-[26], pixel grid [17] based,
and Tyson polygons based [27], [28] centered on the mobile
phone base station. The different types of networks are deter-
mined by different data sets. The nodes of these networks
are geocoded into the cities, square pixels and cells based
on consumption data or the geographic location of the caller.
This paper summarizes the methods of these researches and
proposes a method for Spatio-info networks generation based
on the information interaction network among individuals.

A. NETWORK CENTRALITY

The nodes’ degree measures the local influence of the nodes
in the network. The betweenness centrality of the nodes mea-
sures the nodes’ influence in the global context. The between-
ness centrality of a specific node is the ratio of the shortest
paths between any two pairs of nodes that pass the node [29].

Cry =3 T (1)

i#j=k oy

As shown in eq. (1), Where oj; is the number of the shortest
path between nodes i to j, and, o;;(k) is the number of the
shortest path that pass node K. The degree and betweenness
centrality of a node measure different aspects of the node’s
position in the network.

Barrat et al. [3] found the power-law distribution with
the increase of node degree in the betweenness central-
ity. Guimera and Amaral [30] found that nodes with higher
degrees do not always have high betweenness centrality.
Onnela et al. [31] found that in mobile phone communication
networks, the betweenness centrality of the edge is inversely
related to the weight of the edge. The analysis of the between-
ness centrality of these studies is based solely on individual
networks. In the work of Guanghua et al. [28], the concept
of geographical center is analyzed from the perspective of
geographic information with the method of .betweenness cen-
trality analysis and community detection. Based on the GDP
and demographic data of each city, this paper further analyzes
and discovers the high correlation between economic, demo-
graphic centers and network centers.

B. GRAVITY LAW

Researchers found there is a phenomenon similar to Law
of Universal Gravity, in situations such as crowd travel
networks, population migration networks, and commodity
trade networks. Then gravity model for the spatial interac-
tion is proposed by analogy with Newton’s Law of Univer-
sal Gravity. The gravity model provides an estimate of the
flow between two or more regions (e.g., the number of trips
by residents, the number of trades in goods). In a spatial
interaction network, the gravity model can be interpreted
as that, the frequency of interaction between two nodes is
proportional to the strength of the two nodes (demographics,
economy), and inversely proportional to the distance of the
two nodes. The gravity model naturally becomes a classic
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model for interpreting and predicting the interaction strength
of spatial networks. It is widely used in transportation plan-
ning, immigration, international trade [31], [32] and disease
transmission [34] and many other fields.

Although the gravity model is simple, intuitive and easy
for calculation, and incorporates geographic factors, it lacks
arigorous theoretical foundation, and these studies are mod-
eled from a static perspective.

Therefore, the main content of this paper is to construct the
evolutionary network model of Spatio-info networks by inte-
grating economic and demographic factors in the context of
gravity law. Its main contribution is to analyze the correlation
of economic and demographic factors with network centers,
provide a more rigorous theoretical basis for the gravitational
model, and constructing models from the perspective of evo-
lutionary networks rather than static networks. It provides
strong theoretical support for network prediction research and
the Internet management.

In order to illustrate the advantages of the model, a compar-
ison method that compares the maximum likelihood values
is introduced. The likelihood is usually used to numerically
compare a series of models and to select the best model (and
parameters) to interpret the data according to the maximum
likelihood criterion [35]. As our understanding of real-world
networks improves, likelihood remains unchanged while the
generative models improve to incorporate the new under-
standing. Success in modeling can therefore be effectively
tracked [22]. Likelihood have been commonly used in esti-
mation of network model parameters [36], [37] and model
selection [22], [38]. Therefore, we use the model likelihood
method to evaluate and compare different network evolution
models with empirical data.

Ill. NETWORK DEFINITION AND CONSTRUCTION

WecChat is the most widely and frequently used online social
media software for Chinese, supporting the PC and mobile
termination. WeChat users will leave a record when they
click to browse the pages shared by others, and this is our
data source. The historical records of a large number of
pages transmitted between users are collected by the company
(Fabonacci), forming a data set.

Each record in the data refers to the behavior of a user’s one
click and browsing the webpage, including the sharer’s ID,
the viewer’s ID, the page ID, the viewer’s IP, and the browsing
time. To protect the user’s privacy, all user IDs are unique
to the user’s WeChat ID, but they are not the same, so it
is impossible to analyze the data for a specific real-life
user. Through the query of the IP library, the geographi-
cal location of the users are obtained. Jian er al. [39] ana-
lyzed several major domestic and foreign IP address libraries,
including IP2Location Lite, GeoLite2 abroad, domestic Pure
IP Address Library, Taobao IP Address Library, Sina IP
Addpress Library andBaidu IP Address Library. They com-
pared coverage and coincidence of these address libraries,
and concluded that the Taobao IP Address Library has the
highest credibility and credibility at the city level. Since the
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IP address library is difficult to be corrected, and the lack of
information about the establishment methods of the foreign
IP address libraries, the reliability of the IP2Location Lite and
Geolite2 IP address pools cannot be known. In this paper,
Taobao IP Address Library is used to geographically locate
the IP addresses involved in the data.

A. NOTATION

There are many ways to represent a network. In this paper,
M is used to indicate the number of nodes in the network, Z is
the network of M*M, N is used to represent the connected
space, and N is the number of edges. zs represents the
connection weight between node s and node r, and non-zero
zs+ indicates that there is one link at least between node s
and node r. In this paper, the Spatio-info Network refers to
the spatial information interaction network that regards cities
as nodes. It is transferred from the online social network in
which users are nodes according to the user’s IP. The specific
construction method is elaborated in section three.

B. THE CONSTRUCTION OF SPATIO-INFO NETWORK

A total of 277 cities have appeared in the data. There is no
affiliation among these cities. Their administrative areas on
the map can almost form a complete map of China except
Taiwan, there are some cities that we did not include because
we cannot get the GDP or demographic data. M is used to
indicate the number of users in the data set, and M¢ indicates
the number of cities in the data set. First of all, the interactive
records of data can be considered as the sequence of links
between users from the perspective of information dissemi-
nation, and the amount of the sequence is represented by N.
Q(A) is an operator, and the value is 1 if A is true. The users’
network can be represented as zl(;.v) as shown in formula (2).

y(") = (s, rp)n=1,...,N
Y = {y(”,y(z),...,y(’v)}

N
=N Q=i =), i,je{l,...Mh} @)
n=1

Each user node i has a city assignment g;, and the interac-
tion between the users is regarded as the interaction between
the cities. Each interaction record can be regarded as a
directed link, which is expressed as a city pair. The data
set can be seen as a sequence of city pairs. The Spatio-info
Network among cities can also be represented in the form of
a d . ,(N) .

jacency matrix z,,° as shown in formula (3).

x(”) = (gSna grn)
X = {x(l),x(z), . ,X(N)}

N
1}1511:]) = Zﬂ(gsnzm,grnzk)’ m, k € {1""MC} ©)

n=1

The spatio-info network Zr is constructed from the real
data set during the period from 00:00 on July 2, 2016, to 24:00
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~ City boundary

FIGURE 1. Schematic diagram of network generation method.

TABLE 1. Basic attributes of a city interactive network Z;.

Symbol  Explanations Value

T Time period 7/2/2016-7/8/2016
M Number of nodes 277

M, Number of links 514177

ke Average degree 77.491

My Number of self-connected links 275

24 Density 0.281

L, Clustering coefficient 0.509

on July 8, 2016. Table 1 lists the basic characteristics of the
network.

According to the basic characteristics of the network listed
in table 2, an overall understanding of the interaction between
web pages in WeChat is presented. The network involves
277 nodes and 514177 links. On average, each node has
links only with 77.491 different nodes, and the density of the
network is only 0.281. It can be seen that although WeChat
has a large number of users in China, covering all cities in
the country, in a period of 7days, there are city pairs that do
not have information exchange in this platform. The average
shortest path length of the network is 1.727. That is to say,
from one node to another, it passes through 1.727 links on
average. The average clustering coefficient of the network
is 0.509. The network has obvious characteristics of small
world. There are 275 nodes with self- connecting links in the
network. There are 514,177 interactive records in the data,
of which there are 312,292 internal interactions, accounting
for 60.7%. It can be seen that users are more inclined to
interact with users in the same city.

C. CENTRALITY OF THE SPATIO-INFO NETWORK

The degree and betweenness centrality of the resulting net-
work (Spatio-info network) are calculated, and compare the
rank of the degree and betweenness centrality are com-
pared with the rank of city nodes’ GDP and population.
As shown in figure 2 below, it can be seen that GDP and
degree and betweenness centrality are significantly statisti-
cally correlated with demographics and GDP. The correlation
coefficient between demographics and degree is 0.74. The
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FIGURE 2. The corelation between the factors of the network.

(a) R2 = 0.74, P < 0.0001 (population-degree). (b) R2 = 0.68, P < 0.0001
(population-betweenness). (c) R 2 = 0.82, P < 0.0001 (GDP-degree).

(d) R2 = 0.73, P < 0.0001 (GDP-betweenness). () R2 = 0.78, P < 0.0001
(GDP-population).

correlation coefficient between demographics and between-
ness centrality is 0.68. The correlation coefficient between
GDP and degree is 0.82. The correlation coefficient between
GDP and betweenness centrality is 0.73. It can be found
that the correlation coefficient between GDP and network
centrality (degree and median centrality) is greater than
that between population and network centrality (degree and
median centrality).
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In complex network theory, the degree and betweenness
centrality of nodes can reflect the importance of nodes in
the network. The degree represents the local centrality and
importance of the nodes. The betweenness centrality reflects
the centrality and importance of the node in the network in
global perspective. Cities with highest GDP are usually the
economic centers in a region (such as a province), and cities
with larger demographics are usually population and political
centers. The demographics, GDP are significantly correlated
with the degree and betweenness centrality of city nodes in
the network. It can be said that the local and global centers
of the Spatio-info Network are consistent with the politi-
cal and economic population centers. From this perspective,
the network can be modeled with factors of demographics
and GDP. Modeling and examination can also in turn describe
the impact of demographics and GDP in the Spatio-info
network. Therefore, it can be assumed that for a new link
the probability to choose one city as a sender or receiver’s
location assignment is positively correlated with that city’s
demographic or GDP.

According to the theory of gravity model, it can be further
assumed that the probability to choose one city as a sender or
receiver’s location assignment is negatively correlated with
the distance between two cities.

At the same time, as can be seen from figure 2(e), the cor-
relation between economic and demographic data is very
strong, and the correlation of economy or demographic with
network center is nearly the same. Naturally, the economy,
demographic and distance should be simultaneously taken
into consideration. However, because the correlation coef-
ficient between GDP and demographic ranking is also sig-
nificantly correlated, it is not meaningful to consider GDP
and demographic together. From the perspective of model
complexity, it will increase the parameters and brings a lot
of computation for parameter solving and the process of
getting an evolutionary network. Therefore, two different
models will be considered in this paper. One model considers
GDP and distance, and another one considers population and
Distance. The two models with economic-only models and
demographic -only models will be compared to find the right
modeling method.

IV. PREFERENTIAL ATTACHMENT FOR LINKS

This article considers the evolution of the network from the
perspective of constantly adding new links. When a link joins
the network, the behavior of one user clicking or sharing
another user’s webpage in the network is simulated. The links
source node and destination node should be sampled accord-
ing to a certain mechanism. From the content of the third
section, the economy, population and distance have a sig-
nificant impact on the links. Therefore, a priority connection
mechanism is built based on four different models. The four
models considers different factors combination: the economy
(GDP-GDP) only, the demographics. (PP) only, economy and
distance (GGD), and demographics and distance (PPD).
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GG: As shown in eq. (4), it is assumed that the probability
of choose the source node and the destination node is posi-
tively correlated with the GDP of the city node for a link that
arrived at 7. The two parameter are « and §:

[y (V)1% [y (u)]P
> Tk (D)1 [k ()1P

ijev

“

t
Pgele, ) =

GGD: As shown in eq. (5), it is assumed that the proba-
bility of choose the source node and the destination node is
positively correlated with the GDP and negatively correlated
with distance of the two city nodes for a link that arrived at 7.
The three parameter are «, B for nodes and y for distance:

[k ()% [k ()1P d (u, v)Y
> Tk ke ()IPA G, j)Y

ijev

&)

Pseple,,) =

PP: As shown in eq. (6), it is assumed that the probability of
choose the source node and the destination node is positively
correlated with the demographic of the city node for a link
that arrived at ¢. The two parameter are « and S:

[y (V1% ke ()1P
> Tk (D)1 ke ()1P

i,jeV

(6)

!
Ppp(e, ) =

PPD: As shown in eq. (7), it is assumed that the prob-
ability of choose the source node and the destination node
is positively correlated with the demographic and negatively
correlated with distance of the two city nodes for a link that
arrived at ¢. The three parameter are ¢, 8 for nodes and y for
distance:

[k D1 [k (w)1P d (u, v)Y
3 kD[ (DIBA, j)Y

ijev

)

fy—
Pppp(ey,,) =

The method of maximum likelihood estimation is user
to estimate the parameters of different models. Given the
real data of network evolution, we can test the model per-
formance by likelihood. The likelihood method is usually
used to numerically compare a series of models and to select
the best model (and parameters) to interpret the data based
on the maximum likelihood criterion. For the model M, the
probability that a link e/, , takes u as the source node, and
v as the destination node PM(eL,v) should be calculated.
It should reach the maximum in the real data. And through
model M, the probability that network Z7 is generated in time
T is Py (Z7). It also should reach the maximum with the real
condition, which is shown in real data.

The log-likelihood value is shown in eq. (8):

log(Py (Zr) =log([ [ Pm(el, ) = Y log(Pu(el, )  (8)

teT t

Since the Spatio-info network has self-connected links.
It is assumed that if a link is self-connected, the distance
of two position is 20 kilometers, although the distance of
a same city should be the same (each city is considered
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FIGURE 3. (a) The relationship between the maximum log-likelihood of
the GG model and the parameter « and. 8. (b) The relationship between
the maximum log-likelihood of the GGD model and the parameter «, 8
and y. (c) The relationship between the maximum log-likelihood of the
PP model and the parameter « and. 8. (d) The relationship between the
log maximum likelihood of the PPD model and the parameter «, g and y.

a circle, 20 kilometers is assumed the radius of all cities
averagely). Figure 3 shows the relationship between the log-
maximum likelihood and the parameters of different models.
It can be seen that the log likelihood of the four models is a

VOLUME 7, 2019

convex function of the model parameters, and the maximum
likelihood of each model can be found to estimate the optimal
parameters. Among them, the PP model obtains the maxi-
mum likelihood value when « = 1.3 and 8 = 1.3. The GG
model obtains the maximum likelihood value at « = 0.9 and
B = 0.9. The PPD modelis« = 8 = 0.9,y = 1.6, when
the maximum likelihood value is obtained, the GGD model
obtains the maximum likelihood value when ¢ = g = 0.5
and y = 1.6.

TABLE 2. Model parameters and maximum log-likelihood.

Model Parameters Value
PP o=1.3,p=1.3 -2326048
PPD o=p=0.9, y=1.6 -1776805
GG 0=0.9, p=0.9 -2310433
GGD o=p=0.5, y=1.6 -1778219

Table 2 lists the maximum log-likelihood values and the
corresponding parameters for different models. It can be seen
from table 2 and the figure 3 that the maximum log-likelihood
value obtained by the PP model is lower than that of the GG
model, and that value obtained by the GGD model is lower
than that of the PPD model. The likelihood value of the model
exhibits the following relationship as in formula (9):

logpp < loggg < loggep < 1ogppp €)

Obviously, the likelihood values obtained by the GGD and
PPD models are relatively large. It shows that these two
models PPD and GGD are more suitable for modeling the
Spatio-info network than the other two models. Compared
with the GG and PP model, the maximum log-likelihood
values of GPD and PPD increase by about 23%. And PPD
model is slightly better.

V. EXPERIMENTS

In order to further study the evolution performance of PPD
and GGD models, we conduct some experiments based on
network of real data.

First, a real network Zjlg based on 7-day real data is taken
into consideration. Based on the origin network, the optimal
parameters of PPD and GGD model can be obtained.

With these parameters, two evolution networks of seven-
day’s period can be produced based on the PPD and GGD
model respectively. At beginning, when t = 0, there is no link
in each network. And from t = O to t = T, links are added into
the networks one by one with the methods and parameters of
PPD and GGD.

Finally, the evolution networks Zﬁ and Zf of seven days
are obtained. The topology characteristics and community
structure of evolution networks are analyzed by comparing
with the real network ZX.

A. CENTRALITY OF THE SPATIO-INFO NETWORK

Figure 4 shows the comparison of the topological features
of the evolved network with the original network. Red data

77195



IEEE Access

J. Dong et al.: Data-Driven Spatio-Info Network Modeling and Evolution With Population and Economy

R
o

Gy
e

P
5 Gy

frequence

[

frequence
g

10

10° 10' 10° 10°
distance (10 kilometer)
} (b)
10°
o GY
a G‘I"
o c,$
10%
=
=y
2]
=
o
=1
=3
s 1
10
5
10°
10° 10! 10 10
node
(c)
10* Co R
: ey
G -
& Gy 1
2
[}
o
[
[
Z
9]
O
10
107! - R
10° 10! 10% 10°
node
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distribution.

points represent features of Z}? , data points of blue triangles
and blue squares represent features of evolutionary network
ZTG and Z}) .
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Figure 4(a) shows the distribution of the edges’ weight. The
weight of an edge represents the number of links between two
cities. It can be seen that the edges’ weight distribution of the
real network and the evolution network are nearly the same
and obey the power-law distribution.

Figure 4(b) shows the distance distribution of any two city
nodes. This is an attribute that reflects the characteristics
of geospatial. It reaches the biggest around 100 kilometers.
As the distance increases, the probability of links genera-
tion is smaller. In addition, 20 kilometers is also the high-
frequency distance of links (the distance of interaction within
the city is recorded as 20 kilometers), indicating that the links
within the city occupies a large proportion.

Figures 4(c) and (d) take the node properties into consider-
ation. Figure 4 (c) shows the weight distribution of the nodes.
The abscissa is the node number, and the number order is
arranged in descending order of the node point weight. The
weight of a node is the sum of the weights of all connected
edges connected to the node, reflecting the amount of interac-
tion between the node and other nodes. The weight of a node
is the sum of the weights of all edges connected to the node,
reflecting the amount of interaction that the city generated
with other cities.

Figure 4(d) shows the betweenness centrality of the nodes.
The abscissa is the node number, and the number order is
sorted in descending order of the betweenness centrality.
Betweenness centrality measures the role of a node in global
view. It can be found that there are obvious differences in
the nodes’ weight and the betweenness centrality between
the evolutionary network and origin network, but the overall
trend is consistent.

At the same time, from the purpose of comparing the two
models of PPD and GGD, there are not significant differ-
ence between the two evolutionary networks obtained by the
two models. Especially, the nodes’ weight distribution and
distance distribution are basically consistent and very close
to the real network. The similarity of the two evolutionary
networks can be explained by the same model structure and
the significant correlation between the city’s GDP and the
demographics.

B. COMMUNITY STRUCTURE COMPARISON

Community detection is an important research method
in the research of Spatio-info networks. The study by
Guanghua et al. [28] and Ai et al [40] found that such
networks have important characteristics in the community
structure. In the results obtained by the community detection,
the nodes (city or base station) belonging to the same com-
munity are geographically close, and the boundaries of the
community geographically agree well with the boundaries of
administrative divisions. Therefore, the community structure
is also an important nature of this type of network. The
community detection method is used to analyze the original
network and the evolution network. The results are compared
to verify that the network evolved from the model has similar
community structure characteristics of the original network.
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TABLE 3. The community detection results of three networks.

Detection results Modularity Community numbers
cz ;? ) 0.344 22
c(z%) 0.482 24
cz ;’ ) 0.442 25

TABLE 4. The similarity of different divisions.

azdH  czdH oz C(ad)
czh 1 0.68 0.63 0.88
%) 0.68 1 0.95 0.66
C(ZTP) 0.63 0.95 1 0.72
C(ad) 0.88 0.66 0.72 1

For a specific network Z, node s € [1,M¢], in a kind
of nodes’ division, c; is used to represent the community
assignment, C(Z) represents the list of all nodes’ community
assignments as shown in (9).

CZ)=A{c1,c2,...,cpyc} (10)

Therefore, the community detection results of network
ZR, z¢, ZF is c(ZB), c(zF), C(ZF). The administrative
division of the cities in province-level region is C (ad).

As shown in table 3, Fast_unfolding [41] is used to analyze
the networks ZYIS s Zf , Z}) . There are 22, 24, 25 communities
and modularity is 0.344, 0.482, 0.442 in result of C(Z}e),
C(ZF), C(ZF) respectively.

The method of community detection divide the nodes into
different communities. In order to further study whether the
community detection results are consistent for different net-
works, the Adjusted Rand Index (ARI) is used to evaluate the
similarity between two results. The interval of ARI is [0, 1].
A ARI index that is closed to zero, it indicates that two
divisions have big difference, and two divisions is nearly the
same when it is close to 1.

In the work of Guanghua et al. [28] and Ai et al. [40] found
that the structure of Spatio-info networks was highly consis-
tent with administrative division. Therefore, the community
detection results of origin network and evolution network
are compared in this paper. As shown in table 4, the ARI
represents the similarity of two corresponding divisions.

This table is a matrix, it can be found that, the ARI between
C(ZF), C(ZE) is 0.68, ARI between C(ZF), C(ZF) is 0.63,
ARI between C (ad), C(Z#) is 0.88. It can be found that
the modularity and community numbers of evolution network
and origin network of real data have little difference. And for
the index of ARI, the result of PPD and GGD are nearly the
same. They are all similar to the results of origin network,
but the ARI of PPD model’s network with origin network
is higher than the other one. It indicates that PPD model is
slightly better which is also shown in formulation 8.
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VI. DISCUSSION AND CONCLUSION

The method of constructing Spatio-info network based on
actual data is introduced in this paper. This kind of net-
works has characteristics of social networks such as large
scale, complex structure and scale-free. They are also coupled
with complex geographic information. This kind of networks
are very important for studying the geographical charac-
teristics of information dissemination. At present, there are
many different construction methods for such networks, and
they also reflect different granularities in the geographical
scope. For example, one node in this paper represents a
city’s regional scope, and in some research nodes are base
station radiation ranges for mobile termination. Some other
research constructs a network with geographical blocks in
pixel grids as nodes. The division method is worthy of study.
For example, according to the administrative division of the
city, the distribution of the base station on the ground is based
on the division of the Thiessen polygon, or uniform matrix.
Different division methods are mainly chosen based on data
characteristics or research purposes. The links are obtained
from the records of movement of population, communication
in Internet or mobile communication with cell phones. The
method proposed in this paper summarizes these different
network construction methods and makes them in a unified
and normative form.

Secondly, this paper studies the relationship between two
kinds of factors, which are human factors and statistical
features of Spatio-info network. Specifically, GDP and demo-
graphics are human factors, these factors reflect the economy
and population condition in the region of a city. And statistical
features of Spatio-info network are degree and betweenness
centrality for they reflect the city nodes’ important role in
local and global respectively. The work in this paper shows
that the factors of demographics and GDP are significantly
related to the characteristics of degree and betweenness cen-
trality. From this point, it can be proved that the local center
and the global center in the Spatio-info network are in good
agreement with the population-concentrated and economi-
cally developed areas. However, we believe that there are
more factors that have strong correlation with such kind
of networks, for example, population of different ages may
have different relationships with the Spatio-info network, and
whether Internet companies have influence on the Spatio-info
network is worth studying.

Due to the relationship between two kinds of factors, it is
naturally model the Spatio-info network based on demo-
graphics and GDP. At the same time, because the network has
geographic information, this paper takes the distance between
two cities as one of the factors when modeling. The city gov-
ernment’s location is considered as the city center precisely.
These factors are integrated into gravity models to model the
Spatio-info network. Though many factors are considered,
there are some factors that may have influence on the Spatio-
info network, such as economic structure, culture difference,
and language. And as for the distance, taking the distance
of two cities’ government centers as two cities’ distance is
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simple and easy to calculate. However, in modern society,
distance is heavily influenced by transportation. There are
many factors have influence on distance. Airplane, high-
speed railway saves much time in the trip between two cities,
and cities in the same province that have intercity high-speed
rail have shorter distances. The distance is hard to quantify.

Gravity model is a generic that is used in many research,
especially in the research of Spatio-info network and similar
networks. In this paper, an evolutionary network model is
constructed. And the process of network evolution can be
reproduced.

Finally, GGD and PPD models are used to generate evolu-
tionary network. Evolutionary network is compared with ori-
gin network from basic topological features and community
structure. In the basic topological characteristics, the evolu-
tionary network is mostly consistent with the origin network.
In the community structure, the results of community detec-
tion can be found. The similarity between the real network
and the evolutionary network generated by the two models is
obvious, and the PPD model gets better results.

In the future work, more factors should be included. And
more datasets of different platforms or countries can help to
construct more detailed and abundant experiment about this
model. Finally, a prediction research for real deployment of
network services should be constructed to test this model,
which will demonstrate the value and significance of the
model.
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