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Abstract	
Objectives:	 The	 introduction	 of	 a	 time‐constrained	 diffusion	 model	 in	 physics	 was	
proposed	based	on	the	timeliness	of	microblog	information	in	typhoon	disasters,	so	that	
the	most	valuable	information	can	be	delivered	most	efficiently	to	people	who	need	it	
the	most.	Methods:	We	used	Python	tools	to	search	for	the	relevant	data	on	the	microblog.	
Next,	on	the	basis	of	thermal	diffusion	model	in	physics,	a	time‐constrained	information	
diffusion	model	was	proposed,	and	the	influence	maximization	method	based	on	greedy	
algorithm	was	improved	and	optimized	from	the	initial	trigger	node	selection.	Results:	
The	experimental	results	show	that	the	method	is	superior	to	the	comparison	method	in	
terms	of	information	diffusion	within	specific	time	limits.	Thus,	it	is	more	suitable	for	
the	actual	situations	of	information	dissemination	in	typhoon	disaster.	Conclusions:	The	
model	 in	 the	 paper	 takes	 into	 account	 of	 the	 information	 diffusion	model	 and	 the	
influence	maximization	algorithm	 from	 the	aspect	of	 time	 limitation,	and	 it	presents	
more	obvious	effect	in	the	specific	situation	of	typhoon	disaster.	
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1. Introduction	

Humans have been fighting with natural disasters in the development process. Scholars believe 
the probability and potential risks of natural disasters will increase and thus, full preparation 
is urgent for humans [1]. Among various natural disasters, typhoons are characterized by great 
destructive power and extremely fast movement. The serious economic losses caused by 
typhoons directly interfere with the life and work of humans. China is among the countries 
frequently attacked by typhoons. The 2019 China Marine Disaster Bulletin from the State 
Oceanic Administration reported 11 storm surges attacked the coasts of China in 2019, causing 
direct economic losses of 11.703 billion yuan. Among them, there were 9 typhoon storm surges, 
leading to direct economic losses of 11.638 billion yuan. Temperate storm surges took place 2 
times, with direct economic losses of 19 million yuan. The province (autonomous region or 
municipality) suffering the most severe storm surges was ZheJiang, and the direct economic 
losses brought by disasters were 8.726 billion yuan, accounting for 75% of the total direct 
economic losses caused by storm surges [2]. 
Recently, with the fast progression of the Internet, particularly the mobile Internet, information 
spread in social networks has become more frequent. Sina Microblog  is the biggest social 
network in China, similar to Twitter. It allows users to post microblogs of 140 characters and 
offers features comparable to tweeting and retweeting [3].The 2019 Microblog  financial report 
demonstrated that Microblog  had 516 million active subscribers per month and 222 million 
daily active users by the end of December 2019 (of which 94% were mobile users), with the 
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year-on-year growth rates of 11% and 10% from 2018 respectively. The 40th Statistical Report 
on Internet Development in China revealed that China had 854 million Internet users as of June 
2019, and the Internet spread speed was 54.3%. Among them, there were 724 million mobile 
Internet people, and the mobile Internet infiltrated into all aspects of human life. Due to the 
further precipitation of over 50% of monthly active Microblog  users in 3rd- and 4th-level cities, 
Microblog  continues to move toward a national social media platform and becomes more and 
more critical in various major events, including disaster response. In the event of sudden and 
natural disasters, a growing number of people turn to the Internet for information and are 
willing to share information about disasters on social networks. During typhoon disasters, the 
public not only shares information as bystanders, but also as witnesses and participants. Users 
can exchange disaster information and the anxiety and panic caused by the disaster on 
Microblog [4]. In the early stage of a typhoon, people in face of scarce and inadequate 
information were extremely eager to obtain information in a state of extreme panic. In the 
middle or late stage, people in face of the excess and diverse sources of information need to 
receive the information that best suits their emotions and is easy to understand. Therefore, the 
Microblog  platform is an important channel. 
Typhoons have great destructive power and fast moving speed (20-50 m/s). As winds, heavy 
rains and waves are pushing in turn, the moving path of a typhoon is extremely uncertain [5]. 
Based on these characteristics, when Microblog  information in typhoon disasters is required 
to spread, it requires not only the most influence (i.e., the farthest diffusion), but also 
information dissemination within a certain period of time. First, typhoon disasters are 
somehow periodic. According to statistics, a typhoon disaster generally lasts from three to 
seven days. In other words, a lot of information has lost value beyond seven days. Second, the 
content of event information in typhoon disasters is also timely. For example, the information 
“Residents of dangerous houses near Jinjin Road please move to the lobby of Zhongying Hotel 
to avoid disasters tonight (25th) is only valuable to users today. Finally, the information 
dissemination is sometimes ductile. In this study, we deeply studied the diffusion law of 
information amid typhoon disasters, analyzed the information in Microblog , and built a 
Microblog  information diffusion model based on thermal diffusion. 
The issue of maximizing influence on social networks requires the construction of various 
influence dissemination models. In research and application, each social network is simplified 
into a graph G (V, E), where V is a set of users in the network, and E is a set of communications 
and connections among the users. The information diffusion model spreads information via the 
users of the network, and regards each user as inactive or active. A node of information 
reception that can influence another node is considered as “active”, and as “inactive” otherwise. 
At first, information diffusion sets the initial user and other inactive users, and the selected 
users will influence and persuade others to be active. The widely-used models include 
independent cascaded diffusion model [6-8], linear threshold diffusion model [9-11], and 
infectious disease diffusion model [12-15].The linear threshold model concentrates on 
threshold behavior in information transmission, and its nodes affect other adjacent nodes 
depending on the weight. This model determines the threshold at first, and if the total weight 
of the node surpasses the threshold, any node can activate any other node connected to it. 
To maximize the influence of social networks, it is urgent to find out how to select k base nodes 
for information spread and transfer, thereby maximally enlarging the number of nodes that are 
finally activated. The transfer procedure in a social network starts upon the activation of a node, 
which manages to stimulate all its inactive connecting nodes. Then each activated neighbor 
node will try to mobilize its adjacent nodes. These steps will not stop until no new node can be 
activated. 
The problem of maximizing the influence of social networks was put forward by Domingos and 
Richardson [16, 17]. This problem can be summarized as: In a social network graph with an 
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influence dissemination model and the known number of initial nodes, how does it decide or 
activate the set of initial nodes? Then following the dissemination mechanism of the influencing 
nodes, it disseminates from the nodes in this set to maximize the number of nodes that are 
ultimately affected. The mostly-used influence maximization algorithms are greedy algorithms 
[18-21], heuristic algorithms [9, 22-26] and other algorithms based on community 
segmentation [27-34]. 
Kempe and Kleinberg proved that influence maximization is an NP-complete problem [35], and 
built a greedy algorithm (marked as KK algorithm), which guarantees that it approaches the 
best solution in the range of 1-1/e. In each step, it chooses the most influential node currently. 
When the greedy algorithm is structurally simple and easy to understand when used to solve 
the problem of maximizing influence. The biggest merit is that this algorithm can return a stable 
solution. 
Therefore, how to reduce the losses caused by typhoon disasters is the primary problem to be 
solved. Although the direct cause of these losses is the catastrophic and harmful influence of 
typhoons, the more important indirect cause is the fault, misrepresentation, fragmentation, 
fake and misinterpretation of information and many other issues of information that occur 
during the typhoon process. Therefore, how to manage the information dissemination during 
typhoons and to quickly and efficiently transmit the most valuable information to the people in 
need is the primary problem that should be solved by the management department. 

2. METHODS	

2.1. Data	Source	
We selected the Leizhou Peninsula, which was attacked by Typhoon Mujigae in October 2015, 
as a data source for comparative experiments. As one of the three major peninsulas in China, 
Leizhou Peninsula is located at the southernmost tip of mainland China [36] and on the west 
side of the Beibu Gulf on eastern South China Sea and south of Hainan Island. On the south side 
are the affiliated islands such as Donghai Island (which is connected to the seawall), Nansan 
Island and Molizhou Island. Leizhou Peninsula has a tropical climate. Typhoons occur 2 or 3 
times averagely every year. The strong Typhoon Mujigae [37] was the 22nd named storm in the 
Pacific typhoon season in 2015. The name “Mujigae” meaning a natural phenomenon was 
provided by North Korea, and was formed in the Pacific Northwest Philippine Islands at 2 
o’clock on October 1, 2015, and the intensity continued to increase. It landed on the coast of the 
Potou District, Zhanjiang City of Guangdong Province at 2:10 pm on October 4, with a landfall 
intensity of 16. It became the strongest typhoon in China since October 1949. 

2.2. Data	Collection	
The data collection process is as follows: 
1) Data crawling: The information of the 2015 Typhoon Mujigae on Sina Microblog  was crawled 
using python, and a total of 12233 tweets were obtained, from which 11344 tweets were 
remained after initial screening. 
2) Data screening: From the 11344 tweets, the original tweets related to Mujigae in October 
2015 and with high reposting rates were manually selected, which reserved 662 tweets after 
selection. 
3) User crawling: According to these 662 tweets, the user ID and user name of each tweet were 
crawled using python, and the followers and followees of each user were crawled according to 
these user IDs. Among them, 63,253 users were crawled from the follower list, and 62,730 
followees were identified. After the combined screening, there were 105,946 different users. 
Based on all these users and the relationships among them, a Typhoon Mujigae microblogging 
information diffusion network was established. 
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4) Crawling of each user’s Microblog  content: The 105,946 users on the tweets tweeted from 
October 1st to 4th, 2015 were crawled on python, and a total of 668,588 tweets were obtained 
as the text data source of follow-up sentiment analysis and literacy analysis.  
5) Crawling of hot tweets: The tweets with high attention were selected from the 12233 tweets 
crawled in the typhoon process for the second crawling, and the reposting user tracks were 
crawled. 

2.3. Construction	of	Information	Diffusion	Model	Under	Time	Constraints	
In a social network simplified as a graph, each user or netizen is treated as a node. The inter-
node relationship is expressed by the edges of the connected nodes. Let the social network 
graph be ( V , E )G   , where 1 2 3V {v , v , v ,... v }n  is a set of vertices, {(v , v )|v to v }i j i jE     is a set of all 

edges, and edge (v , v )|i j is the information channel connecting nodes v i   and v j  . Moreover, 

the set ( t )if depicts the amount of heat stored in node v i  at time t. Then ( t )if

constitutes ( t )F .  n nA  is the adjacency matrix of G, and 1i jA   when nodes i and j are 

adjacent, and otherwise 0i jA  . 

The edge from v i  to v j . 

Based on the theory of thermal diffusion in physics: any node i receives a certain amount of 
thermal energy from its neighbor j at time t within t  , which is set to (i, j, t, )M t . (i, j, t, )M t  is 
proportional to t and the thermal energy difference ( ) ( )j if t f t . In other words, thermal 
energy flows from nodes j to i along the edge (v , v )i j  connecting j and i. Accordingly, we assume 

(i, j, t, ) ( ( ) ( ))j iM t f t f t t    , where   is the thermal diffusion coefficient. Namely, the heat 
change of node i at t and t t   is the heat that it receives from all neighbor nodes within t  . 
Equation 1 is as follows: 
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Where E is the set of edges, expressed in matrix form as shown in Eq. 2: 
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When Δt –>0, we have: 
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It can be obtained by solving differential equations: 
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 ( ) (0)tHf t e f                                                                           (5) 

 
Where tHe can be extended to: 
 

2 2 3 3
2 3

2! 3!
tH t t

e I tH H H      �                                                       (6) 

 
In the infinite continuation of information diffusion from the beginning to t (time), tHe is also 
called the diffusion kernel. 

2.4. Influence	Maximization	Algorithm	Under	Time	Constraints	
(1) Basic concept of algorithm 
In a typhoon disaster, a certain piece of key information is initially acquired by some people, 
then spread by a small number of people, gradually spread and fermented, which are like the 
ripples caused by the stone thrown into water. Therefore, how to select the initial part of people 
is decisive in the information transfer within a finite period of time. 
A dynamic information diffusion model under the time constraint was proposed in this study. 
The factor of time and whether the initial nodes are neighbor nodes need to be considered. If 
the initial nodes are neighbor nodes, they can influence each other, and the range of their 
influences will overlap, making the influence not far enough. Therefore, it is necessary to 
eliminate this situation. 

 
 

(a)                                               (b)                                                    (c) 
Figure	1.	Schematic diagram of influence diffusion 

 
As shown in Figure 1(a): The constructed network has a total of 9 nodes, in which node 3 has 
the highest heat, followed by node 7 and node 8, and the other 6 nodes have lower heat. When 
two nodes are chosen as the initial nodes by the greedy algorithm, nodes 3 and 7 should be 
selected (Figure 1(b)). However, since nodes 3 and 7 are neighbors, when node 3 acquires 
information, node 7 can easily obtain information. Hence, a better choice is to slect nodes 3 and 
8 as the initial nodes (Figure 1(c)). Therefore, the key processes of this algorithm are as follows: 
1) Calculating the degree of heat diffusion at each node; 2) Sorting each node by the degree of 
thermal diffusion; 3) Taking out the K nonadjacent nodes from the large to small as the initial 
influencing nodes. 
(2) Algorithm steps 
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The detailed steps are as follows: 

Input: Graph of a social network; Parameters ,  ; h0, l iA  

Output: k influential  
 For each Individual	i, do 

 0(0) 0; (0)if f h   

 execute the heat diffusion ( ) (0)tHf t e f     // execute the diffusion 

 For each Individual	j, do 

 if ( )jf t  then 

 Add Individual	j	into set ( )iI t  

 
 End 

  End 
End 

 Set  0 1( ), ( ),..., ( )iU sort I t I t I t ;                      //be sorted 

 

While m k  then                   // Determine whether it is a neighbor node 
For n=m to i 
   j=n+1; 

   If 0n jA    then 

      j++; 
   else 
       break; 

 

       End  
    End 
     If  j=i+1 then  

Add Individual nU   into set B   // Store non-adjacent K nodes in B 

m++ 
     End if 
  End while 

   
Output output K nodes of B; 

 
 
In the above steps,   is the thermal diffusivity in the model and   is the dissemination 
threshold. After a node receives information, it reposts the information when   is reached. 
This influence maximization algorithm first performs thermal (information) transmission from 
0 to t for each node. After the other heat-receiving nodes receive the heat from the 
dissemination node, the total heat exceeds the threshold and is counted in ( )iI t  . The set of ( )iI t  
is U. Finally, U is sorted, and the output of the first K non-adjacent nodes is selected, which is 
the impact set of the primary selection. Since influence maximizing is an NP-hard problem [35], 
no direct solution method is available, so the algorithm has strong practical significance from 
the practical view. The time complexity of the algorithm is 2(n )O . 

0;m 0;n  
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3. RESULTS	

3.1. Data	Analysis	
The local social network was constructed according to the user IDs previously collected and the 
relationships among them. Hot tweets in the data acquisition were selected for comparative 
experiment. 
The original tweet was reposted 621 times, and 1 hour was defined as the time unit (Figure 2). 
The diffusion surface became increasingly larger with the extension of time, and then gradually 
decreased with the decrease of attention after reaching the apex. 
 

 
(a) 

 
(b) 

Figure	2.	The number of tweets reposting by time 
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3.2. Comparative	Experiment	
The initial user was selected as the initial node to initiate thermal diffusion in the local social 
network. In the initial state of tweet dissemination, we set the initial heat f(0). To make the 
information spread the fastest, we must set f(0) large enough. We set f(0)=1000 and set 
different values of the thermal conductivity coefficient   (   = 0.75, 0.5, 0.25) in this 
experiment. The dissemination threshold A was set. After receiving the information, the 
information was reposted when the threshold   was reached. In this experiment, different 
values of  ( =0.5, 0.3, 0.1) were set. The results are shown in Figure 3 (where t=0 and the 
response was 0). 
 

 
Figure	3.	Dissemination comparison of different parameters 

 
Comparison of the above figure suggests that when  =0.25 and  =0.1, the results are in good 
agreement with the actual results. 
In the information diffusion model under time constraints, the initial nodes were selected as 
follows: 1) calculating the degree of heat diffusion of each node; 2) sorting each node by the 
degree of heat diffusion; 3) taking out k nonadjacent nodes from the largest to the smallest as 
the initial influencing nodes. 
The user IDs collected from the previous data, and the relationships among them were used to 
construct a local social network, and the hot tweets selected in the data collection were chosen 
for comparison experiments. 
Since k was 1 in the real social network and by calculating the generated local social network, 
we set the initial node selected as ID = 2803301701, and then performed information diffusion 
according to the time-constrained information diffusion model. The actual information 
dissemination condition was comparatively studied with the greedy comparison algorithm 
(initial node ID = 1705103215) and Top-K algorithm (initial node ID = 2722492125) Results in 
Figure 4  showed that our new algorithm was similar to the actual information dissemination. 
As the selected user base increased, the new algorithm had better effect than the actual 
information dissemination, and the algorithm was better, while the Top-K algorithm performed 
poorly. 
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(a)                                                              (b) 

 
(c) 

Figure	4.	Comparison of dissemination among different algorithms 

4. Discussion		

The typhoon disasters cause serious damages to the life and properties to humans. Social 
networks play an important role in dealing with typhoon disasters. From the perspectives of 
information diffusion and influence maximization, we conducted empirical analysis and 
quantitative research on the information diffusion model on Microblog  during typhoon 
disasters. According to the timeliness of Microblog  information amid typhoon disasters, a time-
limited thermal -diffusion model of physics was introduced to construct a time-constrained 
information diffusion model, and the influence maximization algorithm was improved. Finally, 
experimental verification was carried out. The proposed algorithm was similar to the actual 
information dissemination. With the increase of the selected user base, the proposed algorithm 
outperformed the comparison algorithm and the actual information transmission effect. 
To deeply understand the evolution law of information diffusion and in the face of typhoon 
disasters, the emergency decision-making department should prepare for early warning signs, 
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stages. For decision-making and solution, it is greatly important to improve the information 
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judging and dissemination abilities of public administration departments and the masse, and to 
provide timely effective interventions, control measures and rational use of information to 
correctly guide the behaviors of the public. 

5. Conclusions	

The model in the paper takes into account of the information diffusion model and the influence 
maximization algorithm from the aspect of time limitation, and it presents more obvious effect 
in the specific situation of typhoon disaster. 
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