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Abstract: Public behavior in cyberspace is extremely sensitive to emergency disaster events. Using
appropriate methodologies to capture the semantic evolution of social media users’ behaviors and
discover how it varies across geographic space and time still presents a significant challenge. This
study proposes a novel framework based on complex network, topic model, and GIS to describe the
topic change of social media users’ behaviors during disaster events. The framework employs topic
modeling to extract topics from social media texts, builds a user semantic evolution model based on
a complex network to describe topic dynamics, and analyzes the spatio-temporal characteristics of
public semantics evolution. The proposed framework has demonstrated its effectiveness in analyzing
the semantic spatial–temporal evolution of Chinese Weibo user behavior during COVID-19. The
semantic change in response to COVID-19 was characterized by obvious expansion, frequent change,
and gradual stabilization over time. In this case, there were obvious geographical differences in users’
semantic changes, which were mainly concentrated in the capital and economically developed areas.
The semantics of users finally focused on specific topics related to positivity, epidemic prevention,
and factual comments. Our work provides new insight into the behavioral response to disasters and
provides the basis for data-driven public sector decisions. In emergency situations, this model could
improve situational assessment, assist decision makers to better comprehend public opinion, and
support analysts in allocating resources of disaster relief appropriately.

Keywords: semantic evolution; spatio-temporal; social media; user behaviors; COVID-19

1. Introduction

The proliferation of location-based services has produced an explosive growth of
massive social media data with geographic location information. Social media users are not
only receivers but also publishers and disseminators of information. These burgeoning, low-
cost, and extensively used ‘human sensor’ technologies have provided an unprecedented
opportunity to understand human behavior and how it varies across space and time [?
? ? ]. Human behavior is defined as ‘something done, felt, or thought in response to a
situation or event, which includes not only direct actions, but elements related to cognitive
and perceptive’ [? ]. Extracting semantics from social media text is very useful for inferring
human behavior, potential courses of action, and public opinion [? ]. In recent years, more
and more researches focus on leveraging the semantic information in social media data
to enhance responses to crisis events (e.g., natural disasters, terrorist attacks, and public
health events). Researchers have commonly used natural language processing methods to
mine social media text and obtain people’s opinions [? ? ? ? ], analyze public sentiments [?
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? ? ], and investigate human behavioral patterns [? ? ? ]. However, there exists a big
challenge about the semantic evolution of social media user behavior and how it varies
across geographic space and time due to a lack of appropriate methodologies.

In emergency situations, social media users’ behavior is characterized by irrationality,
strong infectivity, and conformity. The emergence of massive information during disaster
events makes people impressionable and causes their opinions to change as the disaster
event develops. Existing research analyzing semantic evolution concentrated on the text
mining and information dissemination field, ignoring the geographical and temporal
characteristics of users’ behavior and lacking fine-grained analysis of topic semantics
evolution, specifically for disaster events. There is a critical need to extract the thematic
and temporal–spatial patterns of public behavior during disaster events. Taking COVID-19
as a case study, this paper aims to describe the semantic and spatio-temporal evolution
of behavioral responses by Weibo users in China. By combining complex networks, topic
models, and GIS, this article (1) utilizes a topic extraction and classification model proposed
by our previous works [? ? ] to extract topics from Weibo texts during the COVID-19
outbreak; (2) builds a user semantic evolution model to describe and analyze the public
semantics change; (3) visualizes and analyses the spatio-temporal evolution characteristics
of public semantics across the COVID-19 crisis.

2. Related Work

Social media data have been increasingly used to assist with disaster management from
a human-centric perspective [? ? ? ? ]. Scheele [? ] proposed a geographic context-aware
text mining method, integrating spatial–temporal text features of social media to classify
Hurricane Sandy relevant Twitter posts. Chen [? ] used two quantitative metrics—the
fraction of event-related tweets (FET) and the net positive sentiment (NPS) to examine the
intensity and direction dimensions of public opinion on society reopening amid COVID-19
for decision making in emergency events. Gruebner [? ] analyzed the temporal and spatial
characteristics of public negative emotions before, during, and after superstorm Sandy
from Twitter data. Gongora-Svartzman [? ] introduced a method combining text processing
techniques and graph network analysis to measure social cohesion through social media
networks. Shi [? ] constructed a text emotion extraction method based on a dictionary of
emotional ontology to analyze the developmental course of online public opinion on Weibo
during the COVID-19 epidemic in China. Although an increasing number of studies have
focused on semantic extraction from social media to analyze public opinion, emotions, and
behaviors during disaster, there is less research on the semantic change in social media
over time–space during a disaster event.

2.1. Semantic Extraction and Evolution

Topic models (e.g., latent Dirichlet allocation [LDA], latent semantic analysis) and
machine learning (e.g., support vector machine [SVM] and random forest [RF]) have been
successfully employed to extract topics from social media, analyze topics varying across
space and time, and describe public behaviors. However, studies on the semantic evolution
of users’ topics are insufficient. Resch [? ] applied LDA to extract semantic information
from Twitter and performed spatio-temporal analysis to estimate the footmark and damage
made by the Napa (CA, USA) earthquake in 2014. Using LDA and sentiment analysis,
Dahal [? ] analyzed tweets relating to climate change to compare the characteristics
of climate change discussions between different countries and time period. Wang [? ]
utilized LDA and SVM to extract topics from Weibo texts on the 2012 Beijing Rainstorm
and investigated the distribution pattern of different topics. Zong [? ] analyzed content
and temporal characteristics of tweet responses to the explosions of a chemical plant in
Tianjin, China in 2015. Burnap [? ] forecasted the size and survival of information flow
during the Woolwich terrorist event in London, in 2013, by analyzing users’ sentiments
and the frequency of information posted on Twitter. Ye [? ] adopted LDA to classify Weibo
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posts relevant ‘dengue’ into five classifications and analyzed the relationship between the
online discussion and the outbreak of the disease on Weibo.

Most existing research on topic evolution is in the field of text mining. A probability
model, a clustering algorithm, and topic similarity metrics were combined to construct
a topic evolution model [? ]. Blei and Lafferty [? ] put forward a dynamic topic model
focusing on the topic composition change, that is, word distributions. Ahmed and Xing [? ]
introduced an infinite dynamic topic model, which could accommodate the evolution of the
number, distribution, and popularity of topics in the latent structure. Han [? ] developed
topic model supported by adaptive and time-varying metadata and applied it to a large
Weibo dataset. He [? ] proposed an ‘attention shift network’ framework to analyze the
attention dynamics of crowds related to disasters by tracing Twitter hashtags. However,
existing research ignores the spatio-temporal characteristics of social media data and lacks
a fine-grained analysis of topic semantic evolution.

2.2. Complex Networks and Social Media

Complex networks are networks with some or all of the following characteristics: self-
organization, self-similarity, being scale-free, being an attractor network, or being a small
world network [? ? ]. The topological structure of a complex network can be represented
by a graph, which abstracts the real individuals as nodes and the relationships between
individuals as the connected edges between the nodes. A single complex network can
be formally defined as G = (N, E), consisting of the nodes set N and the edges set E. An
undirected network consists of a set of objects (called vertices or nodes) that are connected
together, where all the edges are made bidirectional [? ]. In contrast, a network where the
edges point in a particular direction is called a directed network.

From the complex network perspective, social media is an example of a complex
social network used to express and disseminate users’ feelings, attitudes, and opinions [?
]. A complex network perspective can achieve a deeper understanding of social media
and excavate more potential information [? ]. Existing studies are in the information
dissemination field, where scholars have established models of information dissemination
for rumors, public opinion, and other subjects [? ? ]. Some have built social network public
opinion information dissemination models, investigated the factors influencing social
public opinion communication [? ? ], and detected the communities of a social network [?
? ]. These studies mainly focused on the spread of public opinion in social networks and
understanding the mechanisms and factors affecting information dissemination. However,
there is little work for systematic analysis of the social media users’ topics evolution
combined complex networks and GIS.

3. Data and Methods
3.1. Technical Framework

Figure ?? illustrates the framework for extracting the thematic evolution and temporal–
spatial pattern of social media behavior. The framework mainly consists of three parts
as follows: (1) topic extraction. We collected Weibo texts for a certain period centered
on an event, after text filtering, LDA model, and random forest algorithm were each
implemented to hierarchically derive topics and sub-topics [? ]. (2) Semantic change model.
Based on complex network, the users’ sub-topics were transferred to semantic change
datasets, identifying topic pairs as nodes and edges. In addition, the semantic change
dataset was partied by a proper time windows to build the semantic change networks
per time window. (3) Visualization and analysis. We achieved visualization of all the
semantic change networks, analyzed thematic evolution and network structure change,
and performed spatiotemporal analysis of user semantic change.
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behavior during disaster events.

3.2. Data and Pre-Processing

Using Sina Weibo APIs, we acquired Weibo data that contained keywords ‘pneumonia’
and/or ‘coronavirus’ related to COVID-19 from 00:00 on 9 January 2020, to 24:00 on 10
March 2020. The metadata information included user ID, time, text, and location information.

For pre-processing, we firstly filtered out the duplicated or/and very short (less than
four words) Weibo texts. Then, noise data (e.g., hyperlinks, spaces, punctuation marks,
hashtags, and @user mentions) were deleted. After text filtering, we were left with a
canonical dataset of 3,427,933 Weibo texts posted by 986,217 unique Weibo users, including
197,118 texts with geographical coordinates generated by 98,507 unique Weibo users.

3.3. Topic Extraction and Classification Model

LDA and RF algorithm were combined to construct the topic extraction and classifica-
tion model for hierarchically processing Weibo texts related to COVID-19, based on our
previous work [? ? ]. Firstly, LDA mode was used to process the Weibo sample to generalize
the topics and assigned each Weibo sample to one topic, which were utilized to train the
RF model. Then the trained RF model was applied to classify the entire Weibo dataset.
Finally, the Weibo texts related to COVID-19 were generalized into seven topics. The topics
of ‘personal response’, ‘opinions and sentiments’, and ‘seeking help’ were divided into 15
more detailed sub-topics by implementing a secondary classification. The details of topic
and subtopics were shown in Figure ??.

In the experiment, 8500 Weibo texts were randomly selected to generalize the seven
topics by LDA model, which was implemented by the “Gensim” package in Python.
Through repeated experiments, the optimal number of initial topics was set as 20. We
assigned each Weibo text to the topic that it most closely resembled according to the
probabilities in the document topic lists. Based on the topic-terminology lists, twenty topics
were generalized into seven (“fifteen” in the secondary classification) by merging similar
topics and discarding irrelevant topics.

The RF algorithm was implemented using a machine learning package called “scikit-
learn” in Python. Based on the document topic lists, 7000 annotated Weibo texts were used
as training samples and 1500 annotated Weibo texts were used as test sets. We used the
out-of-bag (OOB) outputs to determine the number of classification trees (n estimators)
at 400. In the secondary classification, we randomly selected 10,000 Weibo texts from the
topics of ‘personal response’, ‘opinions and sentiments’, and ‘seeking help’ to generalize
15 sub-topics. There were 8000 training samples and 2000 test samples for training the RF
model. The number of classification trees (n estimators) was 400.
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3.4. Semantic Change Model
3.4.1. Network Measures

Based on complex networks, we proposed a semantic change network (see 3.4.2
for detailed definition), setting topics as nodes and topic changes as directed edges. The
semantic change network allows us to quantitatively capture the semantic evolution process
of social media users during COVID-19 by analyzing the complex network topology
structure. We selected several important network metrics, including network size, degree,
weighted average degree, and aggregation coefficient.

Network size: Network size is the number of topics (nodes) in the semantic change network.
Degree: the node degree is the number of edges connected to that node [? ]. In

undirected network, a node’s degree is how many edges concatenate to it. In directed
graphs, there are two measures of degree: in-degree and out-degree. The in-degree is the
number of edges entering the node, while the out-degree is the number of edges originating
from the node moving outward to other nodes. The sum of the in-degree and out-degree
gives you the total degree for the node. In this study, the size of the nodes was determined
by the weighted degree.

Average weighted degree: The edge weights represent the quantity of users whose
Weibo texts changed semantically from one topic to another. The average weighted degree
of the semantic change network reflects the semantic change frequency. Let ki be the
weighted degree of node i. The average weighted degree is defined by Equation (1):

K =
1
n

n

∑
i=1

ki (1)
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Average clustering coefficient: the clustering coefficient is used to represent the de-
gree of clustering between network nodes. The average clustering coefficient is specifically
the tendency of nodes to generate triangles in networks [? ]. Given a node i in network G,
the probability that the ki nodes connected to node i are also connected to each other is
given by Equation (2):

Ci =
2li

ki(ki − 1)
(2)

li represents the set of edges connected to node i and ki represents the degree of the
node i. The average clustering coefficient is calculated using Equation (3).

C =
1
N ∑ Ci (3)

3.4.2. Semantic Change Network

Based on a complex network, we constructed a semantic change network to describe
the process of semantic change in Weibo users’ opinions about responses to an emergency.
In the network, a node represents a topic, and the directed edge represents changing topics.
When the use of topic A changing to B appears in one user’s timeline, an edge is added
from node A to node B. The edge weight indicates how many users generate thematic
conversion from topic A to B. The detailed definitions are as follows.

User semantic behavior: a user’s semantic behavior means that a user posts a Weibo
message, in this case, related to disaster events. We characterize a user’s semantic behavior
as a tuple r = (u, t, g, s), consisting of four facets describing the behavior: u is the user
who posted the text (user ID); t is the time of the behavior (the time when Weibo text was
posted); g is the spatial location of the behavior (geographical coordinates); and s is the
thematic attributes of behavior (the topic of the Weibo text).

User semantic change event: the semantic change event of a user u is a transformation
between two of u’s semantic behaviors, denoted as eij =

(
(u, ti, gi, si),

(
u, tj, gj, sj

))
, where

ti < tj, si 6= sj. When the topic published by a user changed from topic A to B, the user is
considered to have produced a semantic change event.

Semantic change network: a semantic change network is a weighted, directed graph
TG = (TV , TE), as shown in Figure ??. Given a set of users U and their Weibo texts within a
limited time period T = (tT, tT + δ] for δ > 0, TV is the node set (or the topic set), including all
semantic topics generated by users in time period T. The number of nodes represents the size of
the network. The size of the nodes represents the number of edges coming into the node. TE is
the set of edges, denoted as TE =

{(
(u, ti, gi, si),

(
u, tj, gj, sj

))
: ∀u ∈ U,∀ti ∈ T ∧∀tj ∈ T

}
. Each

edge corresponds to a semantic behavior change event. The edge weight indicates how
many times this semantic behavior occurs in the time period T. TE includes all semantic
change events produced by users in time period T.
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Based on the above definition, a semantic change network was constructed by the
following steps: (1) we firstly sorted Weibo texts in chronological order and extracted topics
from them. (2) For individual users, we acquired all the different topics that appeared in
the user’s timeline as vertices pairs, among which two adjacent topics in time constitute
a topic pair with edge pointing to the most recently used topic. In this way, the user
semantic change event dataset was generated. (3) To better visualize dynamic semantic
changes in a long time series, all networks were constructed with a sliding time window.
Each network is built with an n-day window length. The corresponding network at time
point tT is determined by semantic change events produced by users during time period
T = (tT , tT + n]. The method of determining an appropriate time window n is presented in
Section ??. (4) Starting from the initial time, the user semantic change event dataset was
segmented into several sub-datasets by the time window n. We then integrated all vertices
and edges from each sub-dataset to build the semantic change networks. We used Gephi
(Gephi Consortium, Paris, France), an open-source and free software for designing all kinds
of graphs and networks, to visualize the semantic change network.

Fifteen sub-topic responses to COVID-19 were selected to construct the semantic
change network. Because the sub-topic names were long, we codified the sub-topic names
in the network construction, as shown in Table ??.

Table 1. The sub-topic names and corresponding codes.

Sub-Topics Code

Fears and worries S1
Questioning the government and media S2

Criticizing bad habits S3
Factual comments S4

Taking scientific protective measures S5
Spreading positivity and encouragement S6

Appeals for help for patients S7
Expressing willingness to return to work S8

Other S9
Staying at home and taking necessary precautions S10

Spreading anti-epidemic knowledge in family S11
Seeking medical help S12

Seeking relief materials S13
Appeals for overseas attention S14

Global epidemic concerns S15

3.4.3. Determination of Time Window

A proper time window is an important parameter in constructing the semantic change
networks. The time window is determined by both the number of users and the frequency
of topics that change in different user sets. If the time window is too short, the semantic
networks will be too sparse, resulting in insufficient nodes and edges to support the
network structure. On the other hand, if the time window is too long, the adjacent semantic
networks will be similar, which makes it difficult to detect changes in the network structure
and leads to a waste of computing resources because of the large volume of each network.

In this study, two indicators, the average number of semantic change events and the
average increment of semantic change events, were used to determine the time window.
According to our definition, a semantic change event is a transition between two user topics.
The topic pair (si, sj) is the change pair that induces this semantic change event. The average
number of semantic change events is the average number of edges in all semantic change
networks in a given time window. The average increment of semantic change events is
the proportion of new topic change pairs between two adjacent semantic networks.

When the time window n ∈ [0.5, 10] is fixed, for the given time point d from 9
January 2020 to 10 March 2020, let Sd,n denote all the topic pairs in [d, d + n]. We com-
puted the increment of semantic change events between Sd,n and Sd+n/2,n, defined as
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(Sd+n/2,n − Sd,n)/Sd,n. Then, the average of all the results was used to obtain the aver-
age increment of semantic change events. Similarly, we obtained the average number of
semantic change events by calculating the average of all Sd,n.

As shown in Figure ??, the average increment of semantic change events between
two consecutive networks rapidly decreases as the time window increases, indicating
that the larger the time window, the more similar the adjacent networks, which make
it difficult to clearly reflect semantic changes. The average number of semantic change
events increases with an increase in the time window in Figure ??, showing that the larger
the time window, the richer the semantic changes. Therefore, we used the elbow area in
Figure ??, where n = 2 days, as the optimal time window.

ISPRS Int. J. Geo-Inf. 2022, 11, x FOR PEER REVIEW 8 of 20 
 

 

3.4.3. Determination of Time Window 
A proper time window is an important parameter in constructing the semantic 

change networks. The time window is determined by both the number of users and the 
frequency of topics that change in different user sets. If the time window is too short, the 
semantic networks will be too sparse, resulting in insufficient nodes and edges to support 
the network structure. On the other hand, if the time window is too long, the adjacent 
semantic networks will be similar, which makes it difficult to detect changes in the net-
work structure and leads to a waste of computing resources because of the large volume 
of each network. 

In this study, two indicators, the average number of semantic change events and 
the average increment of semantic change events, were used to determine the time win-
dow. According to our definition, a semantic change event is a transition between two 
user topics. The topic pair (𝑠 , 𝑠 ) is the change pair that induces this semantic change 
event. The average number of semantic change events is the average number of edges in 
all semantic change networks in a given time window. The average increment of seman-
tic change events is the proportion of new topic change pairs between two adjacent se-
mantic networks. 

When the time window 𝑛 ∈ 0.5,10  is fixed, for the given time point 𝑑 from 9 Jan-
uary 2020 to 10 March 2020, let 𝑆 , denote all the topic pairs in 𝑑, 𝑑 + 𝑛 . We computed 
the increment of semantic change events between 𝑆 , and 𝑆 ⁄ , , defined as 𝑆 ⁄ , − 𝑆 , 𝑆 , . Then, the average of all the results was used to obtain the average 
increment of semantic change events. Similarly, we obtained the average number of se-
mantic change events by calculating the average of all 𝑆 , . 

As shown in Figure 4, the average increment of semantic change events between 
two consecutive networks rapidly decreases as the time window increases, indicating that 
the larger the time window, the more similar the adjacent networks, which make it diffi-
cult to clearly reflect semantic changes. The average number of semantic change events 
increases with an increase in the time window in Figure 5, showing that the larger the 
time window, the richer the semantic changes. Therefore, we used the elbow area in Fig-
ure 4, where n = 2 days, as the optimal time window. 

 
Figure 4. The average increment of semantic change events for different time windows. Figure 4. The average increment of semantic change events for different time windows.

ISPRS Int. J. Geo-Inf. 2022, 11, x FOR PEER REVIEW 9 of 20 
 

 

 
Figure 5. The average number of semantic change events for different time windows. 

4. Results 
4.1. Topic Description 

COVID-19-related topics and sub-topics were counted and presented in Figure 6. 
‘Opinions and sentiments’ accounted for 32.89% of all topics, followed by ‘government 
response’ and ‘event notifications’, which were 20.64% and 17.08%, respectively. ‘Dissem-
ination of prevention and treatment’ and ‘personal response’ comprised 14.12% and 
11.57%. ‘Seeking help’ and ‘making donations’ accounted for 1.47% and 2.23%. 

For sub-topics, the quantities of ‘spreading positivity and encouragement’, ‘factual 
comments’, and ‘staying at home and taking necessary precautions’ were the most, ac-
counting for 20.22%, 16.23%, and 14.35%, respectively. The proportion of ‘criticizing bad 
habits’, ‘taking scientific protective measures’, and ‘fears and worries’ comprised 12.12%, 
9.24%, and 9.02%. ‘Global epidemic concerns’ and ‘appeals for help for patients’ ac-
counted for 5.52% and 3.38%, respectively. The remaining topics accounted for less than 
3%. 

Figure 5. The average number of semantic change events for different time windows.



ISPRS Int. J. Geo-Inf. 2022, 11, 373 9 of ??

4. Results
4.1. Topic Description

COVID-19-related topics and sub-topics were counted and presented in Figure ??.
‘Opinions and sentiments’ accounted for 32.89% of all topics, followed by ‘government
response’ and ‘event notifications’, which were 20.64% and 17.08%, respectively. ‘Dissemi-
nation of prevention and treatment’ and ‘personal response’ comprised 14.12% and 11.57%.
‘Seeking help’ and ‘making donations’ accounted for 1.47% and 2.23%.
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For sub-topics, the quantities of ‘spreading positivity and encouragement’, ‘factual
comments’, and ‘staying at home and taking necessary precautions’ were the most, account-
ing for 20.22%, 16.23%, and 14.35%, respectively. The proportion of ‘criticizing bad habits’,
‘taking scientific protective measures’, and ‘fears and worries’ comprised 12.12%, 9.24%,
and 9.02%. ‘Global epidemic concerns’ and ‘appeals for help for patients’ accounted for
5.52% and 3.38%, respectively. The remaining topics accounted for less than 3%.

4.2. Spatio-Temporal and Semantic Evolution Analyses
4.2.1. Visualization of the Semantic Change Network

???? showed the process of semantic changes of social media users’ COVID-19-related
topics from 9 January to 10 March 2020. The semantic network changes were analyzed in
different time periods.

From 9 January to 19 January, there were few COVID-19-related Weibo posts, so
the semantic change network was sparse. Over time, the number of network nodes
(the number of topics) changed from the initial 5 to 11. The semantic change of topics
mainly concentrated on ‘S5-Taking scientific protective measures’, ‘S10-Staying at home and
taking necessary precautions’, ‘S6-Spreading positivity and encouragement’, ‘S4-Factual
comments’, and ‘S1-Fears and worries’.

From 20 January to 4 February, the amount of user semantic change events increased
sharply on 20 January, peaked on 21 January, declined but fluctuated until 29 January,
significantly increased on 30 January, and achieved a new peak on 1 February. It then
smoothly fluctuated during 2-4 February. As the number of topics changed from 11 to 13, the
semantic network became increasingly dense. The topics ‘S7-Appeals for help for patients’
and ‘S3-Criticising bad habits’ appeared. In the early stage, public opinion mainly changed
between ‘S10-Staying at home and taking necessary precautions’, ‘S6- Spreading positivity
and encouragement’, ‘S5-Taking scientific protective measures’, ‘S4-Factual comments’,
and ‘S1-Fears and worries’. Users’ topics then shifted to ‘S3-Criticising bad habits’, before
finally moving to ‘S10-Staying at home and taking necessary precautions’, ‘S5-Taking
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scientific protective measures’, ‘S6-Spreading positivity and encouragement’, and ‘S4-
Factual comments’.
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Figure 7. Semantic change network (9 January–9 February 2020) (S1: Fears and worries; S2: Question-
ing the government and media; S3: Criticizing bad habits; S4: Factual comments; S5: Taking scientific
protective measures; S6: Spreading positivity and encouragement; S7: Appeals for help for patients;
S8: Expressing willingness to return to work; S9: Other; S10: Staying at home and taking necessary
precautions; S11: Spreading anti-epidemic knowledge in the family; S12: Seeking medical help;
S13: Seeking relief materials; S14: Appeals for overseas attention; S15: Global epidemic concerns).
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Figure 8. Semantic change network (8 February–10 March 2020) (S1: Fears and worries; S2: Question-
ing the government and media; S3: Criticizing bad habits; S4: Factual comments; S5: Taking scientific
protective measures; S6: Spreading positivity and encouragement; S7: Appeals for help for patients;
S8: Expressing willingness to return to work; S9: Other; S10: Staying at home and taking necessary
precautions; S11: Spreading anti-epidemic knowledge in the family; S12: Seeking medical help;
S13: Seeking relief materials; S14: Appeals for overseas attention; S15: Global epidemic concerns).

From 5 February to 24 February, public opinion began to change to ‘S1-Fears and
worries’. The convergence of ‘S5-Taking scientific protective measures’ decreased. On
9 February, the topic change mainly concentrated on ‘S10-Staying at home and taking
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necessary precautions’, ‘S6-Spreading positivity and encouragement’, and ‘S4-Factual com-
ments’. ‘S5-Taking scientific protective measures’ and ‘S1-Fears and worries’ were second.
On 10 February, the number of topics increased from 13 to 15. The topic ‘S14-Appeals
for overseas attention’ and ‘S15-Global epidemic concerns’ appeared. The topic changes
began to gather around ‘S3- Criticizing bad habits’ and ‘S15-Global epidemic concerns’.
‘S10-Staying at home and taking necessary precautions’ and ‘S5-Taking scientific protective
measures’ decreased. A pattern gradually formed whereby ‘S3-Condemning bad habits’,
‘S6-Spreading positivity and encouragement’, and ‘S4-Factual comments’ were the main
cluster, followed by ‘S5-Taking scientific protective measures’, ‘S10-Staying at home and
taking necessary precautions’, and ‘S15-Global epidemic concerns’.

From 25 February to 10 March, the semantic changes continued to converge toward
‘S15-Global epidemic concerns’. ‘S10-Staying at home and taking necessary precautions’
and ‘S5-Taking scientific protective measures’ continued to decline, while the conver-
gence on ‘S14-Appeals for overseas attention’ rose. Finally, changes mainly concerned
‘S15-Global epidemic concerns’, ‘S6-Spreading positivity and encouragement’, ‘S4-Factual
comments’, and ‘S3-Condemning bad habits’, followed by ‘S5-Taking scientific protective
measures’, ’S10-Staying at home and taking necessary precautions’, ‘S1-Fears and worries’,
and ‘S14-Appeals for overseas attention’.

Based on the changes in network structure (Figure ??), we summarized the character-
istics of the user semantic change pattern during the COVID-19 outbreak. As shown in
Figure ??a,b, the change pattern of users’ topics was from expansive to stable. The average
weighted degree (Figure ??a) fluctuated with time and increased significantly with key
social events, indicating that the rate of user topic change increased. The average aggrega-
tion coefficient increased significantly in the early stages and then stabilized. The higher
average aggregation coefficient indicates that the users’ topics changed more easily to form
a closed loop of repeated changes among several topics. It can be seen that in the prophase
of the COVID-19, social media users’ topics changed frequently. With the development
of the event, the changes in user topics tended to stabilize and were concentrated in a
few topics. Figure ??c,d show that the semantic change network had clear expansibility in
the early stage. The number of new semantic change events increased significantly at the
beginning of the COVID-19 outbreak, tended to be stable during the follow-up, and surged
at several key social events.
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4.2.2. Spatial Analysis of the Semantic Change Network

Statistical analysis (Figure ??) revealed a total of 1,544,109 user semantic behaviors gen-
erated by 118,137 users, and 324,900 user semantic change events (including 24,328 events
with geographical coordinates). The top three semantic change events were (‘S6-Spreading
positivity and encouragement’ to ‘S3-Condemning bad habits’), (‘S6-Spreading positivity
and encouragement’ to ‘S4-Factual comments’), and (‘S10-Staying at home and taking nec-
essary precautions’ to ‘S6-Spreading positivity and encouragement’), with 21,022, 20,929,
and 20,644 changes, respectively.
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The spatial distribution of the semantic change events is shown in Figure ??. The most
frequent changes in user topics focused on the Beijing–Tianjin–Hebei region, Yangtze River
Delta region, and the provinces of Hubei, Sichuan, and Guangdong. Figure ?? shows a
more detailed analysis of the above five regions. In the Beijing–Tianjin–Hebei region, user
semantic changes were mainly centered at Beijing, Tianjin, and Shijiazhuang. In the Yangtze
River Delta region, Shanghai and Hangzhou were the cities with the largest number of topic
changes, followed by Ningbo, Nanjing, Hefei, and Suzhou. The semantic change events
in Hubei Province were mainly distributed in Wuhan, Huanggang, Xiaogan, Xiangyang,
and Yichang. Guangzhou, Shenzhen, and their surrounding cities were the main cities of
semantic change events in the Guangdong Province. Changes in the Sichuan Province were
mainly concentrated in Chengdu, Mianyang, and Nanchong.

We then constructed semantic change networks for the five areas identified (Figure ??).
The semantic changes in the Beijing–Tianjin–Hebei region mainly focused on ‘S6-Spreading
positivity and encouragement’, ’S10-Staying at home and taking necessary precautions’,
‘S3-Condemning bad habits’, ‘S4-Factual comments’, ‘S1-Fears and worries’, ‘S5-Taking
scientific protective measures’, and ‘S15-Global epidemic concerns’. The Yangtze River
Delta was dominated by ‘S6-Spreading positivity and encouragement’, ‘S10-Staying at
home and taking necessary precautions’, ‘S3-Condemning bad habits’, ‘S4-Factual com-
ments’, ‘S5-Taking scientific protective measures’, and ‘S1-Fears and worries’. The topics
of Hubei Province mainly changed among ‘S6-Spreading positivity and encouragement’,
‘S10-Staying at home and taking necessary precautions’, ‘S3-Condemning bad habits’,
‘S4-Factual comments’, ‘S1-Fears and worries’, and ‘S5-Taking scientific protective mea-
sures’. The semantic changes in the Guangdong Province mainly focused on ‘S10-Staying
at home and taking necessary precautions’, ‘S6-Spreading positivity and encouragement’,
‘S3-Condemning bad habits’, ‘S4-Factual comments’, ‘S5-Taking scientific protective mea-
sures’, ‘S1-Fears and worries’, and ‘S15-Global epidemic concerns’. The Sichuan Province
was dominated by ‘S6-Spreading positivity and encouragement’, ’S10-Staying at home and
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taking necessary precautions’, ‘S3-Condemning bad habits’, ‘S4-Factual comments’, and
‘S5-Taking scientific protective measures’.
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5. Discussion

By integrating topic extraction, complex networks, and GIS, this framework intuitively
shows the spatial, temporal, and semantic evolution of the topics of Weibo users’ responses
to COVID-19. During the prophase of COVID-19 outbreak, Weibo users’ semantic change
networks had obvious expansibility. The increases in the average weighting degree and
average clustering coefficient reflected the frequent and repeated changes of social media
users between various topics, indicating the anxiety felt by users who were trying to
understand all aspects and details of events. Over time, the semantic change of social
media users’ topics gradually became focused on a few topics, and the network indicators
stabilized. These findings are consistent with those of previous studies on different disaster
events. He [? ] found that social media users were more likely to switch topics in their
tweets immediately following an event. Zhang [? ] found that public attention expands
rapidly in the early stages of disaster events and then gradually diminishes, until finally
the public pays no more attention to the disaster.

From a methodological perspective, the previous studies of semantic dynamics have
focused on analyzing the temporal—spatial changes of the number or subjects of top-
ics [? ? ? ] or improving the algorithm of topic models from the perspective of natural
language processing [? ]. In this paper, the complex semantic evolution process of Weibo
users is mapped to a complex network, and changes in user semantics are transformed
into changes in the network structure. Considering the spatiotemporal characteristics of
social media data, we defined the semantic change network systematically, and described
the dynamic temporal, spatial, and semantic characteristics of public behavior during the
COVID-19 outbreak.

From the view of semantics, this paper provides the analysis of public topical evolution
during the COVID-19 in China. From 9 January 2020 to 10 March 2020, the overall trend
of China’s public opinion is rational and positive. According to the different focus of
topics, the user semantic evolution can be divided into four stages that correspond to the
development of the COVID-19 event. In the first stage, the topics were fewer, and the
network was sparse. The semantic changes mainly converged on S5. In the second stage,
the number of related Weibo texts and semantic change events increased sharply. The
main changes in this stage focused on S10, S6, S4, and S5. In the third stage, the domestic
epidemic situation in China began to improve and the foreign epidemic situation began to
ferment. The topic changes mainly focused on S3, S6, and S4. After 10 February, S14 and
S15 appeared. The fourth stage was when the epidemic situation in China had stabilized
while the confirmed cases number in the world presented a sustained rise. In this stage, the
main semantic changes were between S15, S6, S4, and S3. Our results are consistent with
previous work, in which public sentiment was strongly associated with exterior elements,
for example, the influence of official media, significant social events, violent weather, and
public holidays [? ? ].

In terms of spatial distribution, the Beijing–Tianjin–Hebei region, Yangtze River Delta
region, Hubei Province, Sichuan Province, and Guangdong Province were the areas where
user topics changed most frequently, mainly changing among S6, S10, S3, and S4. However,
the focus of public opinion varied across regions. Changes between S1, S5, and S15 were
quite frequent in the Beijing–Tianjin–Hebei region and Guangdong Province, while the
topic changes of S1 and S5 were more prominent in the Yangtze River Delta and Hubei
Province, and only S5 was prominent in the Sichuan Province.

Nevertheless, this study has some limitations. First, the demographics of social media
users show an obvious younger age structure [? ], which makes it unrepresentative of
the general population. Moreover, not all Weibo data include geographical coordinates,
so the spatial analysis could not be applied to all the data. Second, due to confidentiality,
this study ignores the geographical–social relationship among users, which is important
to analyze the spatiotemporal characteristics of semantic change. Future research should
focus on the geographic bias of social media and explore the spatial, temporal, and semantic
evolution pattern of public opinion on social networks. Third, in normal circumstances (non-
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emergency situation), The communication topics on social media (e.g., Twitter) are related
to daily life routines, human activities, and interests, such as school, work, sports, dating,
wearing, music, and food [? ? ]. In emergencies situation, the public behaviors related to
disasters emerge in large numbers in a short time. The social–geographical differences of
public behavior between normal and abnormal situation deserve for further research.

6. Conclusions

From a methodological perspective to describe the dynamics of social media users’
behavioral responses to disaster events in time, space, and semantics, this paper proposes a
novel analysis framework of social media users, consisting of topic extraction, user semantic
evolution model, and GIS spatial analysis. The user semantic evolution model systemati-
cally defined the semantic changes of social media users; mapped the semantic evolution
of user topics into geographic space–time; and revealed the dynamic spatial, temporal, and
semantic evolution characteristics of user topics during a disaster event. Taking the case of
COVID-19 event, this study verified the practicability and effectiveness of the framework
based on Sina Weibo data. The proposed framework is with the characteristics of gener-
ality and applicable for other social media data. It provides a methodological basis for
comprehensive mining and analysis of social media user behavior during disaster events.
In emergency situations, this framework could improve situational assessment, assist de-
cision makers to better comprehend public opinion, and support analysts in allocating
resources appropriately.

This research can be extended in several directions. First, future research can deepen
the semantic change analysis from the users’ perspective. By observing the semantic
change of individual users and combining them with the geographical and social relations
among them, the semantic changes of group users can be collected to explore the group
semantic change pattern during disaster events. Second, for the results of analysis and
visualization, it is necessary to develop an interactive user semantic change geographic
visualization analysis platform that can visually display and interactively analyze the
spatial–temporal distribution of user semantic change, user geographic social networks,
user semantic change patterns, and statistical information in disaster events. Third, we
assigned each Weibo text to the topic it most closely resembled according to the probabilities
in the document topic lists generate by the LDA model in this study. Actually, a Weibo post
may contain multiple topics. The multiple topics of social media texts is also an interesting
and meaningful issue worth in-depth study.
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